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Abstract
Document-level event causality identification
(DECI) requires identifying causal relations
across a document, where inter-sentence causal-
ity is often implicit, and supported by weak
evidence. Existing methods typically construct
event graphs from pairwise predictions, which
may overlook weak but valid causal edges, and
thus hinder causal message passing. To address
these issues, we propose ICGR, an Iterative
Causal Graph Refinement framework that it-
eratively refines event graphs by preserving
low-confidence edges and performing message
passing on the refined graph to produce a more
complete and reliable structure. In each re-
finement round, the Constrained Edge Comple-
tion module identifies missing causal edges and
the Conditional Diffusion module refines low-
confidence edges through denoising. Experi-
ments on EventStoryLine and MAVEN-ERE
show that ICGR achieves state-of-the-art per-
formance, with notable improvements on inter-
sentence causal relations.

1 Introduction

Event Causality Identification (ECI) aims to de-
termine whether one event causes another in text
(Berant et al., 2014; Cheng et al., 2025), supporting
downstream tasks such as knowledge graph con-
struction (Tao et al., 2023; Huang et al., 2025) and
event prediction (Zhan et al., 2024, 2025). Depend-
ing on the scope of candidate event pairs, ECI is
commonly studied at either the sentence or doc-
ument level (Mirza and Tonelli, 2014; Gao et al.,
2019). Compared with sentence-level ECI (SECI),
document-level ECI (DECI) is more challenging
because causal relations may span sentences, be
expressed implicitly, and be obscured by irrelevant
context information (Phu and Nguyen, 2021; Yuan
et al., 2023).

To model document-level dependencies, recent
DECI methods commonly construct event graphs,
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Figure 1: A motivating example where a weak cross-
sentence causal link may be missed or assigned low
confidence, thereby weakening long-range causal rea-
soning.

where nodes represent event mentions and di-
rected edges represent causal relations (Cheng
et al., 2025). Existing methods mainly follow two
paradigms (Liu et al., 2024): identifying-after-
learning, which first learns event representations
and then performs causal identification in a single-
step classification paradigm (Yuan et al., 2026), and
identifying-while-learning, which builds interme-
diate graphs during prediction (Yuan et al., 2023;
Liu et al., 2024). However, both paradigms remain
sensitive to the quality of the causal structure dur-
ing reasoning, where valid edges may be missed or
assigned low confidence, limiting reliable message
passing for long-range reasoning.

As illustrated in Figure 1, both E1 → E2 → E3

and E1 → E4 → E5 form causal chains, while
the latter relies on the less explicit cross-sentence
relationE1 → E4. Since graphs are built from pair-
wise predictions, this underlying relation may ei-
ther be missed or retained only with low confidence.
In both cases, the path E1 → E4 → E5 becomes
less effective for supporting subsequent reasoning.
This example highlights two issues in prediction
constructed event graphs: some valid causal edges
may be absent from the graph, while some retained
edges may provide only weak confidence support
for message passing. These limitations hinder the
modeling of causal relation.

To address these issues, we propose ICGR,
an Iterative Causal Graph Refinement framework
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for DECI. ICGR repeatedly refines document-
level causal structures across multiple identifica-
tion rounds by preserving weak but potentially use-
ful causal edges and completing missing edges.
ICGR contains a Constrained Edge Completion
module (CECM) and a Conditional Diffusion mod-
ule (CDM). The CEC model proposes missing
edges under confidence constraints, while the CD
model provides denoising-based confidence sup-
port for weak retained edges. In this way, ICGR
treats absent edges and weak retained edges as
two complementary refinement targets: the for-
mer requires structural completion, whereas the
latter requires more stable confidence support be-
fore message passing. The refined graph is then
used as an intermediate reasoning structure, allow-
ing structural signals to guide event representation
learning across refinement rounds. Specifically, the
Constrained Edge Completion module proposes
missing edges under confidence constraints, restor-
ing potential causal paths that are absent from the
initial graph. The Conditional Diffusion module op-
erates on edge-level latent representations and pro-
vides denoising-based support for retained edges,
making their confidence signals more stable be-
fore graph reasoning. Here, diffusion is used as
a stability-based confidence support mechanism:
it perturbs and denoises weak retained edge rep-
resentations to check whether they carry stable
causal signals before message passing. The re-
fined graph is then used by a confidence-aware
graph reasoner to update event representations for
the next prediction round. This design has two
advantages. First, it separates missing-edge recov-
ery from confidence support, allowing ICGR to
complete absent causal links while strengthening
weak retained edges before message passing. Sec-
ond, it avoids the one-shot decision problem of
the single-step classification paradigm. The re-
fined graph is used only as an intermediate reason-
ing structure: it guides confidence-aware message
passing and updates event representations across
refinement rounds.

Our contributions are summarized as follows:

• We propose ICGR, an iterative causal graph re-
finement framework for document-level event
causality identification. By preserving weak but
useful signals during iterative refinement, ICGR
better addresses the DECI task.

• ICGR preserves weak but useful causal signals
during iterative refinement to improve document-

level causal reasoning. CECM recovers missing
causal edges, while CDM provides denoising-
based confidence support for retained edges.

• Experiments on EventStoryLine (Caselli and
Vossen, 2017) and MAVEN-ERE (Wang et al.,
2022) show that ICGR improves document-level
causality identification, with clear improvements
on inter-sentence causal relations. We give a de-
tailed analysis about the results and our code/data
will be released on GitHub1.

2 Related Work

Event causality identification (ECI) aims to iden-
tify causal relations between event mentions in
text. Compared with sentence-level ECI, document-
level ECI (DECI) is more challenging because
causal evidence may be implicit, distributed across
sentences, and mixed with irrelevant long-context
information (Gao et al., 2019; Phu and Nguyen,
2021; Cheng et al., 2025). To address these chal-
lenges, recent studies have moved beyond iso-
lated event-pair classification and incorporated
document-level structural reasoning (Zhou and
Tang, 2024; Zhou et al., 2025). Early work uses
manually designed constraints such as integer lin-
ear programming to model document-level causal
structures (Gao et al., 2019). Later graph-based
methods construct event graphs or event-pair re-
lational graphs to capture structural dependencies
and potential causal chains (Phu and Nguyen, 2021;
Chen et al., 2022; Wang et al., 2024). Recent work
also explores multi-level encoder architectures to
encode event information at sentence, event, event-
pair, and discourse levels, further showing the im-
portance of context-aware document modeling for
ECI (Chen et al., 2025; Liang et al., 2026). Other
studies further improve long-range reasoning by ex-
ploiting easier intra-sentence predictions (Xu et al.,
2022), learning sparse event representations for
intra- and inter-sentence reasoning (Yuan et al.,
2023), updating event representations with causal
structures (Liu et al., 2024), or modeling high-order
dependencies with hypergraphs (Xiang et al., 2025).
LLMs have also been explored for ECI, but remain
prone to hallucinated or false-positive causal pre-
dictions in fine-grained settings (Gao et al., 2023;
Cai et al., 2025; Cheng et al., 2025).

Despite these advances, graph-based methods
still rely on the quality of intermediate causal

1https://github.com/malongxuan/ICGR
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 Document with Event Mentions：

     At 9.25 a.m., navy personnel
spotted[E1] a group of five suspicious
boats speedily approaching[E2] the
merchant vessels1. The warship
immediately altered[E3] (its
direction) and challenged[E4]
them.On seeing[E5] the resolve
evident in the warship’s action, the
pirate skiffs reversed[E6] course and
tried[E7] to flee[E8] the area.

Confidence-aware
Graph Reasoning

Heterogeneous GNN
（confidence-weighted

intra/inter message
passing）

Iterative Update
 (Iteration ht → ht+1)

E1 E2

E4E3

E5

E7E8

E6

Refined Causal Graph

Intra Inter

Text Encoder &
Pairwise Predictor

Pairwise Prediction

E1 E2

E4E3

E5

E7

E8

E6

Intra

Inter

Graph Construction

Event
Representations

h(t)

Encoder

Conditional Diffusion
Module (CDM)

Constrained Edge Completion
Module (CECM)

Zij
0 Zij

k Z̃ ij0

Directional features
[hi; hj; hi - hj; hi ⊙ hj]

MLP

qC,qE

q̂

Eu Ev

Un-identified

Eu Ev

Identified

η = √(q · q̂ )

Ei Ej

Weak Retained Edge
Kintra

Kinter

Kintra

Kinter

Initial
Latent

Noisy
Latent

Denoised
latent

confidence

denoising support for weak retained edges

Final 
Classifier

Figure 2: Overview of ICGR. Each round constructs a sparse directed event graph from current predictions,
refines missing and weak edges, and updates event representations through confidence-aware heterogeneous graph
reasoning.

graphs. When implicit inter-sentence edges are
missed or assigned low confidence, message pass-
ing may fail to propagate useful evidence. More-
over, most methods focus on whether a causal rela-
tion exists but neglect its direction (Liu et al., 2024).
Diffusion-based methods such as DiffusECI (Man
et al., 2024) denoise event-pair representations, but
mainly for pair-level prediction. ICGR instead uses
diffusion within iterative graph refinement to sup-
port weak retained edges before message passing,
making confidence-conditioned graph refinement
its key distinction.

3 Methodology

Given a document D with event mentions E =
{ei}ni=1, document-level event causality identifi-
cation aims to predict the causal label for each
candidate event pair (ei, ej) ∈ P . We use
a fixed canonical pair order and define yij ∈
{NONE,CAUSE, EFFECT}, where CAUSE denotes
ei → ej and EFFECT denotes ej → ei. Each
pair is associated with a relation type r(i, j) ∈
{intra, inter} according to whether the two events
occur in the same sentence.

3.1 Framework Overview

Figure 2 summarizes one refinement round of
ICGR. Starting from the current event represen-
tations {h(t)

i }, the pairwise predictor first esti-
mates causal labels for all candidate event pairs

and constructs a conservative sparse graph from
high-confidence non-NONE predictions. Candidate
pairs not retained by this rule remain absent from
the current graph.

ICGR then handles retained edges and graph-
absent candidates through two complementary re-
finement mechanisms. The Constrained Edge
Completion Module (CECM) calibrates retained
edges and evaluates graph-absent candidate pairs
for constrained edge completion. The Conditional
Diffusion Module (CDM), in contrast, provides
denoising-based confidence support only for re-
tained edges during graph refinement, without
changing their causal directions or introducing
new edges. The resulting refined graph is subse-
quently used by a confidence-aware graph reasoner
to update the event representations from {h(t)

i }
to {h(t+1)

i }. These updated representations are
reused by the pairwise predictor in the next refine-
ment round, and the final labels are produced by
the pairwise classifier after adaptive stopping.

3.2 Context Encoding and Pairwise Prediction

We use a pre-trained Transformer encoder to ob-
tain contextualized token representations. For each
event mention ei, we average the token embed-
dings within its trigger span to obtain xi ∈ Rd, and
project it into the graph reasoning space:

h
(0)
i = Wpxi. (1)
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At refinement round t, for each candidate pair
(ei, ej), we construct a pair representation and pre-
dict its causal label distribution:

r
(t)
ij = [xi;xj ;h

(t)
i − h

(t)
j ],

p
(t)
ij = softmax

(
MLPcls(r

(t)
ij )

)
,

(2)

where p
(t)
ij = [p

N,(t)
ij , p

C,(t)
ij , p

E,(t)
ij ] denotes the

probabilities of NONE, CAUSE, and EFFECT, re-
spectively.

3.3 Conservative Sparse Graph Construction
At each refinement round, we construct a sparse
directed event graph from the current pairwise pre-
dictions. The graph contains one node type, event,
and two directed edge types, intra and inter. The
edge type is determined by whether the two events
appear in the same sentence.

For each candidate pair (ei, ej), the predicted
label, confidence, and induced directed edge are:

ŷ
(t)
ij = argmax

c
p
(t)
ij,c, p̂

(t)
ij = max

c
p
(t)
ij,c,

d
(t)
ij =





ei → ej , ŷ
(t)
ij = CAUSE,

ej → ei, ŷ
(t)
ij = EFFECT,

∅, ŷ
(t)
ij = NONE,

d
(t)
ij is retained if d(t)ij ̸= ∅ and p̂(t)ij > ω.

(3)

During both training and inference, the graph is
induced from model predictions rather than gold
causal edges. Gold labels are used only to com-
pute supervised losses. The threshold ω controls
the precision–coverage trade-off of the initial topol-
ogy. A lower value may introduce noisy edges,
while an overly strict value may remove useful
weak causal links before refinement. Thus, the con-
structed graph is a conservative structural backbone
rather than a complete causal graph. Self-loops are
added to preserve node identity during graph rea-
soning. Since edge selection is discrete, gradients
are not propagated through graph construction; the
classifier, refinement modules, and graph reasoner
are trained through their differentiable objectives.

3.4 Constrained Edge Completion Module
The conservative sparse graph may miss valid
causal edges, especially implicit inter-sentence re-
lations. We introduce the Constrained Edge Com-
pletion Module (CECM) to address two comple-
mentary graph-refinement needs: calibrating re-
tained edges and recovering reliable missing edges.

CECM contains a directional classification head
and a direction-agnostic existence head. Its outputs
are used only to refine the intermediate graph be-
fore message passing, rather than as a separate final
decoder.

For a candidate pair (ei, ej) at round t, CECM
first constructs a graph-space directional represen-
tation:

u
(t)
ij = [h

(t)
i ;h

(t)
j ;h

(t)
i − h

(t)
j ;h

(t)
i ⊙ h

(t)
j ],

s
(t)
ij = MLPenc(u

(t)
ij ). (4a)

From the shared representation s
(t)
ij , the two predic-

tion heads compute:

q
(t)
ij = softmax

(
Wdiscs

(t)
ij + bdisc

)
, (4b)

q̂
(t)
ij = σ

(
w⊤

confs
(t)
ij + bconf

)
. (4c)

Here, q(t)
ij = [q

N,(t)
ij , q

C,(t)
ij , q

E,(t)
ij ] is a three-way

directional distribution: qC,(t)
ij supports ei → ej ,

whereas qE,(t)
ij supports ej → ei under the canoni-

cal pair order. In contrast, q̂(t)ij is a scalar direction-
agnostic existence score indicating whether the pair
contains any causal relation. Thus, the two heads
provide complementary evidence: q

(t)
ij specifies

which causal direction is supported, whereas q̂(t)ij

estimates whether a causal edge exists.
To make the existence head directly affect graph

refinement, we combine directional and existence
confidence:

η
C,(t)
ij =

√
q
C,(t)
ij q̂

(t)
ij , η

E,(t)
ij =

√
q
E,(t)
ij q̂

(t)
ij .

(5)
The resulting η is an existence-aware directional
confidence. It is high only when both causal ex-
istence and the corresponding direction receive
strong support. This design allows the existence
head to directly participate in graph refinement
without introducing an additional threshold.

During training, CECM is supervised by the pair-
wise causal label:

L(t)
disc =

1

|P|
∑

(i,j)∈P

[
CE

(
q
(t)
ij , yij

)

+ λconf
(
q̂
(t)
ij − 1[yij ̸= NONE]

)2]
. (6)

Retained-edge calibration. For a retained
classifier-induced edge, we fuse the main classi-
fier confidence with the existence-aware directional
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confidence. If d(t)ij = ei → ej , the calibrated edge
confidence is:

ã
(t)
dij

= (1− αdisc)p
C,(t)
ij + αdiscη

C,(t)
ij . (7)

If d(t)ij = ej → ei, it is:

ã
(t)
dij

= (1− αdisc)p
E,(t)
ij + αdiscη

E,(t)
ij . (8)

Missing-edge completion. CECM also evaluates
candidate pairs that are absent from the current
sparse graph, including pairs predicted as NONE

by the main pairwise classifier. For graph aug-
mentation, CECM is applied to ordered event in-
puts to score candidate directed edges. A pro-
posal eu → ev is activated when the ordered
existence-aware confidence η

C,(t)
uv exceeds τdisc

and the proposal satisfies two structural constraints:
a sentence-distance window W and a per-source
top-k outgoing constraint. These constraints pre-
vent uncontrolled graph densification while allow-
ing reliable missing edges to participate in message
passing.

For each newly completed inter-sentence edge,
we compute a reverse-order consistency confi-
dence:

acomp,(t)
uv =

1

2

(
ηC,(t)
uv + ηE,(t)

vu

)
. (9)

Under the reverse ordered input (ev, eu), the EF-
FECT label also corresponds to the same direction
eu → ev. Thus, Eq. 9 favors proposed edges that
are directionally stable under both input orders and
are supported by edge-existence confidence. The
completed edge is used only as an intermediate
message-passing edge. Ordered scoring does not
create additional supervised instances for the main
classifier.

3.5 Conditional Diffusion Module
CECM mainly improves graph completeness,
while some retained edges may still have weak or
unstable confidence. Such edges are important in
document-level ECI: removing them too early may
break long-range causal chains, whereas directly
propagating their raw confidence may introduce
noise. We therefore introduce the Conditional Dif-
fusion Module (CDM) as a stability-based confi-
dence support mechanism for retained edges. CDM
perturbs edge-level latent representations and de-
noises them under relation-aware conditions to de-
rive an additional support signal before message

passing. During graph refinement, CDM has a re-
stricted role: its input is a retained edge, its output
is an additional confidence-support signal, and it
neither activates graph-absent edges nor changes
causal directions.

Using the directional representation u
(t)
ij in

Eq. 4a, we obtain a clean edge latent:

z
0,(t)
ij = MLPz(u

(t)
ij ). (10)

We apply a standard forward noising process:

z
k,(t)
ij =

√
ᾱkz

0,(t)
ij +

√
1− ᾱkϵ,

ϵ ∼ N (0, I).
(11)

A relation-aware denoiser predicts the injected
noise conditioned on the noised latent, the clean
latent, and the timestep:

ϵ̂ij = ϵ
r(i,j)
θ

(
z
k,(t)
ij , z

0,(t)
ij , k

)
. (12)

The diffusion loss is:

L(t)
diff =

1

|P|
∑

(i,j)∈P
∥ϵij − ϵ̂ij∥22 . (13)

During refinement, deterministic reverse denois-
ing yields z̃

0,(t)
ij . The denoised latent is used to

compute a support gate:

g
(t)
ij = σ

(
MLPg

[
z
0,(t)
ij ; z̃

0,(t)
ij

])
,

a
(t)
dij

= clip
(
ã
(t)
dij

+ λr(i,j)g
(t)
ij , 0, 1

)
. (14)

The resulting gate provides bounded additional sup-
port to the retained-edge confidence before mes-
sage passing.

3.6 Confidence-Aware Graph Reasoning
Given the refined graph and its edge confidence
scores, we update event representations with a het-
erogeneous Causal Graph Enhancement (CGE) net-
work. The graph topology is determined by conser-
vative graph construction and constrained comple-
tion, while the confidence signals entering message
passing are calibrated and supported by CECM
and CDM. CGE treats intra-sentence and inter-
sentence edges as distinct relation types and per-
forms confidence-aware multi-head message pass-
ing.

For an edge u→ v of relation type r, attention
head m, and graph layer ℓ, we compute:

er,m,ℓ
uv = ϕm,ℓ

r

(
hℓ−1
u ,hℓ−1

v

)
+ ψm,ℓ

r

(
[hℓ−1

u ;hℓ−1
v ]

)

+ µa(t)uv + bm,ℓ
r .

(15)
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Here, ϕm,ℓ
r (·) is a relation-specific source-target

compatibility function, ψm,ℓ
r (·) is a learnable pair-

wise edge-bias function, a(t)uv is the refined edge
confidence, µ controls the confidence bias, and
bm,ℓ
r is a relation-specific bias.

The normalized attention coefficient and relation-
specific message are:

αr,m,ℓ
uv =

exp(er,m,ℓ
uv /τ)

∑
u′∈Nr(v)

exp(er,m,ℓ
u′v /τ)

,

mr,m,ℓ
v =

∑

u∈Nr(v)

αr,m,ℓ
uv Wm,ℓ

r hℓ−1
u .

(16)

Messages from multiple heads are combined to
obtain mr,ℓ

v for each relation type.
Messages from intra-sentence and inter-sentence

relation types are fused as:

mℓ
v = βintram

intra,ℓ
v + βinterm

inter,ℓ
v . (17)

If a node receives messages from only one relation
type, the available relation-specific message is di-
rectly used. We then apply residual connections,
layer normalization, and a feed-forward block to
stabilize graph reasoning. When multiple graph
layers or hops are used, their outputs are fused with
Jumping Knowledge. A document-level attention
readout is injected back into event representations
through a gated residual update, yielding h

(t+1)
v for

the next refinement round.

3.7 Iterative Refinement and Training
Objective

ICGR performs bounded iterative refinement. The
model runs for at least Nmin refinement rounds and
stops when either the maximum refinement budget
is reached or the structural difference between two
consecutive predictions is no larger than a threshold
δ.

Let ŷ(t) denote the vector of predicted labels
at round t. The structural change and stopping
criterion are:

∆(t) =
∑

(i,j)∈P
1[ŷ

(t)
ij ̸= ŷ

(t−1)
ij ],

stop ⇐⇒ t ≥ Nmin and ∆(t) ≤ δ.

(18)

Refinement also stops when the maximum refine-
ment budget is reached. The actual number of
executed rounds for document D is denoted as TD.

At each refinement round, the main classifier is
trained with focal loss:

L(t)
cls =

1

|P|
∑

(i,j)∈P
Lfocal

(
p
(t)
ij , yij

)
. (19)

The full training objective is:

L =

TD−1∑

t=0

[L(t)
cls

t+1 +λdiscL(t)
disc+λdiffL

(t)
diff

]
. (20)

The final causal prediction is produced by the
pairwise classifier at the last executed refinement
round:

ŷij = argmax
c
p
(TD−1)
ij,c . (21)

The refined graph therefore serves only as an
intermediate reasoning structure. Across refine-
ment rounds, CECM and CDM modify the topol-
ogy or confidence used for message passing, the
graph reasoner updates the event representations,
and these updated representations affect the pair-
wise predictions in the next round. The intermedi-
ate graph edges themselves are not directly used as
final causal labels.

Further methodological details are provided in
Appendix A.

4 Experiments

4.1 Datasets, Baselines, and Evaluation
Metrics

We evaluate ICGR on two benchmarks: EventSto-
ryLine (v0.9) (Caselli and Vossen, 2017) and
MAVEN-ERE (Wang et al., 2022). Detailed
dataset statistics, preprocessing protocols, and split
settings are described in Appendix D. We com-
pare ICGR with a comprehensive set of baselines,
ranging from pre-trained language models to state-
of-the-art graph-based and generative methods. De-
tailed descriptions of these baselines are provided
in Appendix C, while the settings and details of
the LLM-based comparisons are presented in Ap-
pendix G. We additionally report other LLM results
that are only available under the intra-sentence set-
ting in Appendix G.3. Implementation details and
equation-level parameter settings are provided in
Appendix B. Following previous work (Phu and
Nguyen, 2021), we use precision (P), recall (R),
and F1 as evaluation metrics. We report results
on Intra-sentence, Inter-sentence, and Overall
settings to assess the model’s ability to capture
long-distance causal dependencies. The label con-
figurations for causality direction identification and
causality existence identification are detailed in Ap-
pendix H.
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Model Intra-sentence Inter-sentence Intra+Inter (Overall)

P (%) R (%) F1 (%) P (%) R (%) F1 (%) P (%) R (%) F1 (%)

Causality Direction Identification (Ternary Classification)

BERT (Devlin et al., 2018) 62.4 32.6 42.8 34.4 30.7 32.4 40.7 31.3 35.4
RoBERTa (Liu et al., 2019) 59.7 38.0 46.4 31.3 34.2 32.7 37.3 35.5 36.4
ERGO (Chen et al., 2022) 58.8 47.6 52.6 36.1 41.2 38.5 41.5 43.3 42.4
SENDIR (Yuan et al., 2023) 56.0 52.6 54.2 38.6 39.4 39.0 43.8 43.7 43.7
iLIF (Liu et al., 2024) 66.7 54.5 60.0 41.2 44.6 42.8 47.9 47.8 47.8
LLaMA-2-7B (Liu et al., 2024) 17.5 17.0 17.2 6.8 19.2 10.0 8.3 18.5 11.5
LLaMA-3.1-8B(zero-shot) 11.5 92.0 20.4 0.9 92.6 1.8 2.6 92.2 5.1
ICGR (Ours) 70.2 55.8 62.2 45.6 45.3 45.4 52.4 48.3 50.3

Causality Existence Identification (Binary Classification)

BERT (Devlin et al., 2018) 60.4 45.7 52.0 30.6 39.1 34.3 37.2 41.2 39.1
RoBERTa (Liu et al., 2019) 62.7 45.4 52.7 32.7 38.3 35.3 39.7 40.6 40.1
ERGO (Chen et al., 2022) 49.7 72.6 59.0 43.2 48.8 45.8 46.3 50.1 48.1
SENDIR (Yuan et al., 2023) 65.8 66.7 66.2 33.9 90.0 48.3 37.8 82.8 51.9
iLIF (Liu et al., 2024) 78.6 66.3 71.2 53.5 65.9 59.1 59.2 66.1 62.5
DiffusECI (Man et al., 2024) 65.3 78.3 71.4 61.9 59.9 60.9 63.0 64.1 63.5
NCHM (Xiang et al., 2025) 74.9 65.8 69.5 59.6 52.6 55.6 64.6 56.7 60.0
MEA (Liang et al., 2026) 60.1 71.7 65.4 50.4 63.7 56.3 51.2 69.6 59.0
LLaMA-2-7B (Liu et al., 2024) 26.9 29.3 28.0 10.8 31.9 16.1 13.2 31.1 18.5
LLaMA-3.1-8B(zero-shot) 19.1 95.6 31.8 1.6 96.2 3.1 4.5 95.8 8.5
LLaMA-3.1-8B(few-shot) 22.2 95.9 36.1 1.9 96.4 3.7 5.2 96.1 9.9
ICGR (Ours) 80.8 67.6 73.6 64.3 60.2 62.2 65.0 64.8 65.0

Table 1: Experimental results on the EventStoryLine (v0.9) dataset. Results are reported as the average over 5
folds. The best results are marked in bold.

4.2 Results and Analysis

Tables 1 and 2 report the main results. ICGR
achieves the best overall F1 on both datasets under
both direction and existence identification, show-
ing the effectiveness of iterative causal graph re-
finement.

The gains are especially clear for inter-sentence
causality, where relations are often implicit and
sensitive to early prediction errors. By completing
missing edges and reinforcing weak retained edges,
ICGR provides more useful structure for long-
distance reasoning. The direction-identification
gains further suggest that refinement preserves di-
rectional information rather than merely adding
causal edges. Significance analysis under the
EventStoryLine five-fold protocol is reported in
Appendix F.

4.3 Ablation Study

Table 3 reports five-fold ablation results on
EventStoryLine (v0.9). Removed modules are re-
placed with neutral inputs of the same shape. Ab-
lation results on MAVEN-ERE are reported in Ap-
pendix D.3.

w/o CDM. Removing the Conditional Diffusion
module (CDM) consistently degrades performance
under both direction identification and existence

identification. This indicates that denoising edge-
level latent representations provides useful support
for weak retained edges, especially when pairwise
evidence alone is not sufficiently stable.

w/o CECM. Removing the document-level Con-
strained Edge Completion module (CECM) also
causes a clear degradation. This suggests that the
graphs constructed from predictions still miss part
of the useful directional structure and that con-
strained causal edge completion provides comple-
mentary topological cues beyond local pairwise
decoding.

w/o Iteration. Removing iterative refinement
leads to the largest overall degradation among all
variants. This shows that iterative refinement is
crucial for progressively correcting sparse graph
structure and propagating causal evidence across
the document.

Overall, the ablations support the complemen-
tary roles of CDM, CECM, and iterative refine-
ment. Controlled variants further show that the
gains are not merely due to additional predic-
tion capacity or stochastic regularization: replac-
ing CDM with a parameter-matched MLP gate
or a noise-augmented gate yields 47.7/61.4 and
48.6/62.9 overall F1 for direction/existence, respec-
tively, while using CECM only as a prediction-level
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Model Intra-sentence Inter-sentence Intra+Inter (Overall)

P (%) R (%) F1 (%) P (%) R (%) F1 (%) P (%) R (%) F1 (%)

Causality Direction Identification (Ternary Classification)

BERT (Devlin et al., 2018) 46.0 48.8 47.4 42.1 45.2 43.6 42.4 45.5 43.9
ERGO (Chen et al., 2022) 62.3 63.1 62.7 47.8 59.8 53.1 48.7 60.1 53.8
SENDIR (Yuan et al., 2023) 46.6 44.2 45.4 46.8 43.0 44.8 46.8 43.1 44.9
iLIF (Liu et al., 2024) 73.7 49.7 59.4 66.3 47.5 55.3 66.9 47.6 55.6
ICGR (Ours) 73.3 52.5 61.2 65.9 50.2 57.0 65.8 51.3 57.7

Causality Existence Identification (Binary Classification)

BERT (Devlin et al., 2018) 46.8 50.3 48.5 43.0 46.8 44.8 43.3 47.1 45.1
ERGO (Chen et al., 2022) 63.1 65.3 64.2 48.7 62.0 54.6 49.6 62.3 55.2
SENDIR (Yuan et al., 2023) 51.4 53.6 52.5 51.9 52.8 52.4 51.9 52.9 52.4
iLIF (Liu et al., 2024) 74.4 51.5 60.9 67.1 49.2 56.8 67.7 49.4 57.1
GPT-3.5-Turbo (Gao et al., 2023) 19.9 85.8 32.3 - - - - - -
GPT-4 (Gao et al., 2023) 22.5 92.4 36.2 - - - - - -
ICGR (Ours) 75.5 53.9 62.9 67.0 52.3 58.7 67.5 52.9 59.3

Table 2: Experimental results on the MAVEN-ERE. Results are reported as the average over five random seeds.

Model Direction Existence

P (%) R (%) F1 (%) P (%) R (%) F1 (%)

ICGR (Full Model) 52.4 48.3 50.3 65.0 64.8 65.0
w/o CDM 49.5 42.6 45.7 59.4 58.2 58.8
w/o CECM 50.1 44.1 46.8 60.8 60.3 60.5
w/o Iteration 43.0 40.9 41.9 45.4 45.8 45.6

Table 3: Ablation results on EventStoryLine (v0.9).

ensemble yields 48.6/61.9, all below the full ICGR
(50.3/65.0). Detailed settings are provided in Ap-
pendix A.7.

4.4 Parameter Sensitivity Analysis

We analyze four key hyperparameters that con-
trol different stages of ICGR: the relation-specific
CDM denoising depth, the CECM completion
threshold τdisc, the number of refinement iterations,
and the sparse graph retention threshold ω. To-
gether, these analyses examine the effects of confi-
dence support, edge completion, iterative reasoning
depth, and initial graph sparsity.

Sensitivity to CDM Denoising Depth. Figure 3
shows that intra- and inter-sentence relations pre-
fer different denoising depths. Intra-sentence rela-
tions favor a shallower schedule, suggesting that
local causal evidence is relatively concentrated
and may be over-smoothed by excessive denois-
ing. In contrast, inter-sentence relations benefit
from deeper denoising, indicating that weak long-
distance dependencies require stronger refinement
to obtain useful confidence support. This result
supports relation-aware denoising rather than a uni-
form schedule for all causal relations.
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65.0 Optimal Kintra = 3 Intra-sentence F1
Inter-sentence F1

0 3 5 8 10 12 15 20
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)

Figure 3: Impact of CDM denoising sampling steps on
intra- and inter-sentence causality.

Sensitivity to Edge Completion Threshold. Fig-
ure 4 shows the effect of the CECM completion
threshold τdisc applied to the existence-aware direc-
tional confidence η. The results reveal a precision–
coverage trade-off: lower thresholds increase cov-
erage but may activate noisy causal proposals,
whereas overly strict thresholds miss useful com-
pleted edges. We therefore adopt a conservative
high-threshold setting. Together with the sentence-
distance window and per-source top-k constraint,
this setting limits graph densification and allows
only a small number of high-confidence, direction-
ally reliable candidate edges to participate in mes-
sage passing.

Sensitivity to Refinement Iterations. Figure 5
shows that performance improves during the early
refinement rounds but decreases when the number
of iterations becomes too large. Moderate iterative
reasoning allows causal information to propagate
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Figure 4: Impact of the CECM completion threshold
τdisc on edge completion.
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Figure 5: Impact of the number of refinement iterations.

over a broader structural context, whereas exces-
sive refinement may lead to over-smoothing and
accumulated message-passing noise. The adaptive
stopping strategy achieves the best overall perfor-
mance, supporting bounded rather than unrestricted
iterative refinement.

Sensitivity to Sparse Graph Retention Thresh-
old. Figure 6 reports the effect of the sparse graph
retention threshold ω. Lower thresholds retain
more classifier-induced edges but also introduce
noisy relations, whereas higher thresholds may
prune weak but useful causal links before refine-
ment. The best performance is obtained at an inter-
mediate threshold, supporting the use of a conser-
vative but not overly sparse initial structural back-
bone.

Interpretation of Hyperparameters. The four
sensitivity analyses correspond to distinct and in-
terpretable stages of ICGR rather than independent
tuning objectives. The retention threshold ω con-
trols the sparsity of the initial graph, while τdisc
controls the precision–coverage trade-off of subse-
quent edge completion. The relation-specific de-
noising depths determine how strongly retained
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Figure 6: Impact of the sparse graph retention threshold
ω on graph construction.

edges are refined before message passing, and the
refinement budget controls the depth of iterative
structural reasoning. The sentence-distance win-
dow W and per-source top-k constraint serve as
additional safeguards against uncontrolled graph
densification.

4.5 Exploration Study

We further investigate how the causal graph evolves
during iterative refinement. Qualitative analysis
suggests that the proposed framework gradually im-
proves graph quality in two complementary ways:
weak long-distance causal links receive stronger
support from reinforced retained edges, while some
spurious directions are corrected after repeated
topology-aware reasoning. Detailed visualizations
and case analyses are provided in Appendix E.

5 Conclusion

We present ICGR, a confidence-conditioned struc-
tural refinement framework for document-level
event causality identification. ICGR alternates be-
tween causal prediction over directed event pairs
and confidence-aware graph reasoning, refining
sparse causal structures through the Conditional
Diffusion module, the Constrained Edge Comple-
tion module, and heterogeneous graph reasoning.
By separating conservative sparse graph construc-
tion from subsequent confidence-conditioned re-
finement, ICGR strengthens weakly supported re-
tained edges and proposes a small number of high-
confidence missing causal edges during iterative
reasoning. Experiments on EventStoryLine and
MAVEN-ERE show that ICGR achieves state-of-
the-art performance in both causality direction iden-
tification and causality existence identification, es-
pecially in overall document-level evaluation.
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Limitations

Despite the promising results demonstrated in this
study, we acknowledge several limitations regard-
ing evaluation scope.

Regarding the evaluation scope of Large Lan-
guage Models (LLMs), the evaluation coverage of
LLM baselines is not fully uniform. We addition-
ally evaluate LLaMA-3.1-8B under intra-sentence,
inter-sentence, and overall settings on EventStory-
Line, whereas Qwen3-Max is evaluated only under
the intra-sentence setting due to the prohibitive
cost of exhaustive pairwise reasoning over long
contexts. Some other LLM results are cited from
prior work when available. Accordingly, LLM
comparisons involving missing inter-sentence or
overall results should be interpreted as partial ref-
erence comparisons rather than fully controlled
document-level comparisons. Therefore, these
LLM results are used to illustrate the current limi-
tations of prompting-based LLMs for fine-grained
causal discrimination, rather than to claim a com-
plete document-level comparison against all LLM
baselines.
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This work strictly adheres to the ACL Ethics Pol-
icy. The datasets utilized in this paper, EventSto-
ryLine and MAVEN-ERE, are publicly available
benchmarks widely adopted within the research
community. We have not collected any private data
or personally identifiable information. However,
it is important to note that, consistent with most
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A Additional Methodological Details

A.1 Canonical Pair Classification and
Ordered Edge Scoring

In the main pairwise causal classification task, each
candidate event pair is represented under a fixed
canonical order. The two possible causal direc-
tions are encoded by the CAUSE and EFFECT labels
within the same three-way label space. Therefore,
the main classifier does not enumerate (ei, ej) and
(ej , ei) as two independent supervised instances.

During graph augmentation, the completion
scorer may be applied to ordered event inputs to
evaluate candidate directed edges. This ordered

40546



scoring is used only to propose and weight inter-
mediate graph edges before message passing. It
does not introduce additional supervised training
instances for the main classifier and is not used as
a separate final decoder.

A.2 Scope of the Constrained Edge
Completion Module

The Constrained Edge Completion Module
(CECM) is designed for supervised directional
edge proposal within causal graph refinement,
rather than for unsupervised causal discovery over
variables or causal mechanisms. It is trained with
pairwise causal labels, but its role is structural: it
calibrates retained classifier-derived edges and pro-
poses a small number of reliable missing edges
under structural constraints.

CECM contains a directional classifier and a
direction-agnostic existence estimator. The di-
rectional classifier estimates the causal direction,
while the existence estimator predicts whether a
causal edge exists regardless of direction. Their
outputs are combined into the existence-aware di-
rectional confidence η, as defined in Eq. 5. There-
fore, the existence estimator is not used only as
an auxiliary training signal; it also modulates edge
activation and message-passing weights.

Specifically, for retained classifier-derived edges,
η is fused with the main classifier confidence to
produce a calibrated edge weight. For missing
inter-sentence edges, CECM proposes only high-
confidence candidate edges whose η scores satisfy
the completion threshold, sentence-distance win-
dow, and per-source top-k constraints. In both
cases, the module affects final prediction only
through graph refinement and representation up-
date, rather than through direct classifier ensem-
bling or separate final decoding.

A.3 Reverse-Order Consistency for Proposed
Edges

For a newly proposed edge eu → ev, the forward
ordered confidence ηCuv measures whether the or-
dered input (eu, ev) supports the causal direction
eu → ev with both directional and existence evi-
dence. We additionally use ηEvu as a reverse-order
consistency signal. Under the reverse ordered in-
put (ev, eu), the EFFECT label also corresponds to
the same causal direction eu → ev. Therefore, a
reliable proposed edge should receive consistent
support from both input orders.

The consistency-based confidence is computed
as:

acomp
uv =

1

2

(
ηCuv + ηEvu

)
. (22)

This confidence favors proposed edges whose di-
rections are stable under both forward and reverse
input orders and whose existence is also supported
by the direction-agnostic edge-existence estima-
tor. It is used only as the message-passing weight
of the proposed edge in the refined graph. The
edge activation decision itself is based on the for-
ward existence-aware confidence ηCuv together with
the sentence-distance window and per-source top-k
constraints. Thus, reverse-order consistency cali-
brates the confidence of proposed edges, but does
not introduce additional supervised instances or
serve as a separate final decoder.

A.4 Scope of the Conditional Diffusion
Module

The Conditional Diffusion module does not gen-
erate textual content or graph structures from
pure noise. Instead, it performs denoising over
edge-level latent representations and provides a
denoising-based support signal for retained candi-
date edges.

This design differs from using diffusion as a
causal-direction classifier. Causal direction is deter-
mined by the main pairwise classifier for classifier-
induced edges or by CECM for completed edges.
CDM only adjusts the confidence of retained edges
before graph reasoning. Therefore, CDM con-
tributes to weak-edge reinforcement, while edge
direction and edge activation remain controlled by
the pairwise predictor and CECM.

A.5 Refined Graph as an Intermediate
Reasoning Structure

The refined graph is not used as a separate final de-
coder. Instead, it serves as an intermediate reason-
ing structure that controls message passing among
event representations. After each refinement round,
the graph reasoner updates event representations,
and the updated representations are reused by the
pairwise classifier in the next round.

The final prediction is always produced by the
pairwise classifier at the last executed refinement
round. This design avoids directly treating inter-
mediate graph edges as final labels, while still al-
lowing structural refinement to influence prediction
through representation learning.
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Accordingly, the refinement modules influence
final predictions only through intermediate graph
construction and representation update, rather than
through separate final decoding.

A.6 Clarification on Auxiliary Prediction and
Diffusion Degeneracy

This section further clarifies the functional roles of
CECM and CDM. The goal is to avoid two pos-
sible misunderstandings: first, that CECM is sim-
ply used as another supervised final classifier; and
second, that CDM is merely a generic conditional
autoencoder or an additional MLP regularizer.

Clarifying the role of CECM. Although CECM
is supervised with pairwise causal labels, it is
not used as an additional final classifier. Its
outputs are consumed only during intermedi-
ate graph refinement. For retained classifier-
induced edges, CECM calibrates edge confidence
by combining directional confidence with direction-
agnostic existence confidence. For missing inter-
sentence edges, CECM proposes a small number
of high-confidence directional candidates under the
sentence-distance window and per-source top-k
constraints. These proposed edges are used only
as intermediate message-passing edges. Therefore,
CECM affects final prediction through graph topol-
ogy and representation updates, rather than through
direct classifier ensembling or separate final decod-
ing.

Clarifying the role of CDM. CDM is not de-
signed to infer causal directions, activate new
edges, or generate graph structures from noise.
Causal directions are determined by the pairwise
classifier for retained edges and by CECM for com-
pleted edges. CDM operates only on edge-level
directional latent representations and converts the
denoising result into a support gate for retained
edges. Since the support gate is added to the cali-
brated edge confidence, CDM should be interpreted
as providing positive confidence support rather than
explicitly suppressing unreliable edges. Edges with
more stable denoised latents receive stronger am-
plification, whereas unstable edges receive limited
additional support.

Relation to autoencoder-style reconstruction.
The denoising objective in CDM may appear re-
lated to conditional reconstruction because the de-
noiser is conditioned on the clean edge latent. We
do not claim that the diffusion objective alone

discovers causal structure. Instead, its role is
to provide a noise-conditioned consistency signal
over edge-level representations before confidence-
aware graph reasoning. This design differs from
a generic autoencoder in its use of stochastic per-
turbation, timestep-conditioned denoising, relation-
aware processing, and its restricted downstream
use as an edge-confidence support gate rather than
a reconstructed feature for direct classification.

Scope of the clarification. The above clarifica-
tion does not rely on the assumption that diffusion
denoising is mathematically incapable of degener-
ating into a simpler conditional mapping. Rather,
it specifies how CDM is used in ICGR: CDM does
not produce final labels, does not decide edge di-
rection, and does not add new edges. Its only role
is to provide an additional confidence-support sig-
nal for retained edges before message passing. We
further examine this design choice through diag-
nostic variants in Appendix A.7, including a Noise-
Augmented Gate variant that isolates stochastic
perturbation from timestep-conditioned denoising.

A.7 Diagnostic Variants for CECM and CDM

To further examine whether the improvements of
ICGR come from the proposed graph-refinement
mechanisms rather than from additional prediction
capacity or simple stochastic regularization, we
conduct three diagnostic variants for CECM and
CDM. These variants are designed to address three
potential concerns: whether CDM behaves merely
as an additional MLP-based regularizer, whether its
gain can be explained by stochastic feature pertur-
bation alone, and whether CECM behaves merely
as another supervised classifier.

CDM → MLP Gate. In this variant, we replace
the Conditional Diffusion Module with a parameter-
matched MLP gate. The MLP gate takes the same
edge-level directional representation as input and
directly predicts a confidence-support score for re-
tained edges. Unlike CDM, this variant does not
perform stochastic noising, timestep-conditioned
denoising, or relation-aware reverse denoising. The
resulting support score is added to the calibrated
edge confidence in the same way as the diffusion-
based gate. This comparison tests whether the gain
of CDM can be explained by an additional nonlin-
ear gating function alone.

CDM → Noise-Augmented Gate. In this vari-
ant, we keep the stochastic perturbation step but
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remove the timestep-conditioned reverse denoising
process and the diffusion loss. Specifically, the
clean edge latent representation is perturbed with
Gaussian noise, and the confidence-support gate
is directly predicted from the clean and noisy la-
tents. The resulting gate is added to the calibrated
edge confidence in the same way as CDM. This
comparison tests whether the gain of CDM can be
explained by noise augmentation alone, without
diffusion-style denoising.

CECM as Ensemble. In this variant, we use
CECM as an auxiliary supervised predictor, but
disable its graph-refinement pathway. Specifically,
CECM predictions are not used to calibrate retained
edge weights, propose missing edges, or modify
the intermediate message-passing graph. Instead,
the CECM directional scores are ensembled with
the main pairwise classifier only at the prediction
level. This comparison tests whether the gain of
CECM mainly comes from its role as another su-
pervised classifier or from its use in refining the
intermediate causal graph.

Results. Table 4 reports the diagnostic results.
Compared with removing CDM, the MLP gate
variant improves performance, indicating that di-
rect edge-level confidence support is useful. The
Noise-Augmented Gate variant further improves
over the MLP gate, suggesting that stochastic per-
turbation can provide additional robustness for re-
tained edge representations. However, it still re-
mains below the full CDM, which indicates that
the gain of CDM cannot be fully explained by ei-
ther additional nonlinear gating capacity or noise
augmentation alone. The timestep-conditioned de-
noising process provides a stronger stability signal
for weak retained edges. Similarly, compared with
removing CECM, the ensemble variant uses the
same supervised CECM scores, but does not allow
them to affect graph topology or message pass-
ing. Therefore, the relative performance of these
variants helps distinguish confidence-conditioned
graph-refinement effects from auxiliary prediction
or simple regularization effects.

Discussion. These diagnostic variants are in-
tended to clarify the functional roles of CECM and
CDM. The CDM → MLP Gate variant improves
over w/o CDM but remains below the full model,
suggesting that direct edge-level gating is helpful
but cannot fully replace diffusion-based confidence
support. The CDM → Noise-Augmented Gate vari-

Model Overall F1

Direction Existence

ICGR (Full Model) 50.3 65.0
w/o CDM 45.7 58.8
CDM → MLP Gate 47.7 61.4
CDM → Noise-Augmented Gate 48.6 62.9
w/o CECM 46.8 60.5
CECM as Ensemble 48.6 61.9

Table 4: Diagnostic variants for CECM and CDM
on EventStoryLine. The CDM → MLP Gate variant
replaces diffusion-based denoising with a parameter-
matched direct gating function. The CDM → Noise-
Augmented Gate variant perturbs the clean edge latent
representation with Gaussian noise and directly predicts
a confidence-support gate without timestep-conditioned
reverse denoising or diffusion loss. The CECM as En-
semble variant uses CECM as an auxiliary predictor
without allowing it to refine the intermediate graph
topology or message-passing weights.

ant further improves over the MLP gate, showing
that stochastic perturbation itself contributes to ro-
bustness (Gao et al., 2025). Nevertheless, its per-
formance is still lower than that of the full CDM,
indicating that timestep-conditioned denoising pro-
vides additional benefits beyond noise augmenta-
tion alone. The CECM as Ensemble variant im-
proves over w/o CECM but remains below the full
model, suggesting that CECM is more effective
when its predictions are used to refine the interme-
diate graph structure rather than being directly en-
sembled as final classification scores. These results
support the view that the gains of ICGR come from
confidence-conditioned graph refinement instead
of merely adding auxiliary predictors or simple
stochastic regularization.

B Implementation Details

The proposed model is implemented in PyTorch
with bert-base-uncased as the backbone en-
coder. For each event mention, we represent its
trigger by averaging the contextualized token em-
beddings within the trigger span.

Optimization and Architecture. We optimize
the model with AdamW and use differential fine-
tuning for the pre-trained encoder and task-specific
modules. The learning rates are 2×10−5 for BERT
and 1× 10−4 for non-BERT modules. The model
is trained for 30 epochs with a batch size of 1. To
alleviate class imbalance, we use focal loss with fo-
cusing parameter γ = 2.0. For graph reasoning, we
use a 2-layer CGE network with 4 attention heads.
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Component Parameter Value

Sparse graph construction ω 0.6
CECM τdisc on η, W , top-k 0.9, 3, 2
Completion calibration αdisc, λconf 0.25, 0.1
CDM T , Kintra, Kinter 100, 3, 12
Diffusion support λintra, λinter 0.05, 0.08
Graph reasoning µ, τ 1.0, 1.0
Training objective λdisc, λdiff 0.15, 0.05
Adaptive refinement Nmin, Nmax, δ 2, 9, 2

Table 5: Values of equation-level parameters used in the
main experiments. We report parameters that appear in
the model equations or graph-construction rules, while
omitting low-level implementation constants that are
not part of the method definition.

All reported results use the same optimization and
architecture settings unless otherwise specified.

Equation-Level Settings. To maintain repro-
ducibility without exposing unnecessary low-level
implementation details, we report the values of
parameters that appear in the model equations or
graph-construction rules. All structural hyperpa-
rameters were selected only on the development
set and then fixed for all reported test evaluations.
These equation-level settings are kept fixed across
the main experiments unless otherwise specified.

Table 5 summarizes the equation-level param-
eters used in the main experiments. For CECM,
τdisc is applied to the existence-aware directional
confidence η in Eq. 5; no additional threshold is
introduced.

B.1 Additional Details of Diffusion Inference
During inference and iterative refinement, the Con-
ditional Diffusion module starts from a lightly
noised version of the current edge latent. We
use a standard linear noise schedule with T =
100 diffusion timesteps. For a relation type
r ∈ {intra, inter}, we set the starting denoising
timestep to Kr and initialize:

z
Kr,(t)
ij =

√
ᾱKrz

0,(t)
ij +

√
1− ᾱKrϵ, (23)

where ϵ ∼ N (0, I).
For each reverse step k = Kr, . . . , 1, the

relation-specific denoiser predicts the injected
noise as:

ϵ̂k = ϵrθ

(
z
k,(t)
ij , z

0,(t)
ij , k

)
. (24)

We then estimate the clean latent by:

ẑ
0,(t)
ij =

z
k,(t)
ij −√

1− ᾱkϵ̂k√
ᾱk

. (25)

The next latent is computed deterministically as:

z
k−1,(t)
ij =

√
ᾱk−1ẑ

0,(t)
ij +

√
1− ᾱk−1ϵ̂k. (26)

After the final reverse step, the resulting latent is
denoted as z̃0,(t)ij and is used only to compute the
support gate in Eq. 14. It is not used to generate
graph edges or predict causal direction directly.

C Baselines

For PLM-based methods, we employ BERT (De-
vlin et al., 2018) and RoBERTa (Liu et al., 2019).
Regarding structure-aware methods, we include
ERGO (Chen et al., 2022), which models event
interactions via a relational graph Transformer, and
SENDIR (Yuan et al., 2023), which facilitates inter-
sentence reasoning by constructing causal chains
from sparse representations. We also compare with
iLIF (Liu et al., 2024), an iterative framework that
updates graph structures dynamically, and the re-
cent NCHM (Xiang et al., 2025), which captures
high-order dependencies using hypergraph convo-
lution. To assess generative paradigms, we incor-
porate DiffusECI (Man et al., 2024), a diffusion-
based method focusing on feature-level denoising.

For the main comparison tables, we follow the
standard reporting practice in document-level ECI
studies. In particular, the EventStoryLine compar-
isons follow the common topic-level evaluation
protocol (Phu and Nguyen, 2021; Gao et al., 2019),
and the MAVEN-ERE comparisons follow the pre-
processing and evaluation setting adopted in prior
work Tao et al. (2023); Liu et al. (2024).

Finally, we benchmark against Large Language
Models (LLMs), including previously reported
LLM results and our additional evaluations of
Llama-3.1-8B4 and Qwen3-Max5. We treat the
LLM results as reference comparisons for the gen-
erative prompting paradigm, rather than as fully
controlled comparisons against supervised SOTA
systems. Detailed LLM settings are provided in
Appendix G.

D Dataset Details

We evaluate the proposed framework on two repre-
sentative benchmarks: EventStoryLine (v0.9) and
MAVEN-ERE.

4https://huggingface.co/meta-llama/Llama-3.
1-8B

5https://qwen.ai/blog?id=qwen3-max
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D.1 EventStoryLine (ESL)

The EventStoryLine (v0.9) dataset (Caselli and
Vossen, 2017) contains 258 documents across
22 topics, comprising 5,334 event mentions. It
includes 1,770 intra-sentence and 3,855 inter-
sentence causal pairs, making it suitable for eval-
uating long-distance dependencies. For data pre-
processing, we follow Liu et al. (2024), mapping
‘PRECONDITION’ relations to the CAUSE label
and ‘FALLING_ACTION’ relations to the EFFECT

label. For evaluation, the last two topics are re-
served as the development set and the remaining
20 topics are used for 5-fold cross-validation. We
report the average Precision (P), Recall (R), and F1
scores over the five folds.

D.2 MAVEN-ERE

The MAVEN-ERE dataset (Wang et al., 2022) is
a large-scale benchmark containing 4,480 docu-
ments, 103,193 event mentions, and 57,992 causal
event pairs. In the original annotations, causal
event pairs are labeled as ‘CAUSE’ or ‘PRECON-
DITION’, both of which indicate causal relations.
For the direction identification setting, we follow
the preprocessing and evaluation protocol of Liu
et al. (2024) so that our results are directly compa-
rable with prior work under the same benchmark
configuration. Following this shared protocol, the
original causal annotations are converted into a
direction-identification benchmark.

Since MAVEN-ERE does not provide an offi-
cial test set, following Tao et al. (2023); Liu et al.
(2024), we use the original development set as the
test set and further sample 10% of the original train-
ing data as a new development set.

For each experiment, we report the average Pre-
cision (P), Recall (R), and F1 scores over five ran-
dom seeds. This setup allows us to maintain di-
rect comparability with previously published re-
sults while providing a stable evaluation of model
performance.

D.3 Ablation Study on MAVEN-ERE

To further analyze the contribution of each compo-
nent, we conduct an additional ablation study on
MAVEN-ERE for causality direction identification.
To ensure fair comparison with prior work, we fol-
low the same preprocessing protocol as Liu et al.
(2024). Specifically, we evaluate the impact of re-
moving iterative refinement, the Constrained Edge
Completion module, and the Conditional Diffusion

Model
Intra Inter Overall

P R F1 P R F1 P R F1

ICGR (Ours) 73.3 52.5 61.2 65.9 50.2 57.0 65.8 51.3 57.7
w/o Iteration 53.6 48.6 50.9 48.4 46.0 47.2 48.8 47.3 48.4
w/o CECM 60.1 50.1 54.6 57.7 49.5 53.2 57.9 49.8 53.5
w/o CDM 60.1 50.3 54.8 47.5 48.8 48.1 48.4 49.1 48.8

Table 6: Ablation results on MAVEN-ERE for causality
direction identification. We report precision (P), recall
(R), and F1 (%).

module, respectively.
Table 6 shows that all three components remain

beneficial on MAVEN-ERE. Removing iterative re-
finement produces the largest overall degradation,
again confirming the importance of multi-round
structural refinement for document-level causal rea-
soning. Removing the Conditional Diffusion mod-
ule also leads to a substantial drop, indicating that
diffusion-based denoising and weak-edge support
remain important for stabilizing directional predic-
tions under noisy document context. Finally, re-
moving the Constrained Edge Completion module
yields a consistent but smaller degradation, show-
ing that constrained directional causal edge recov-
ery is still beneficial even when strong pairwise and
graph-based signals are already available.

Taken together, the ablation results on EventSto-
ryLine and MAVEN-ERE are highly consistent: the
full model performs best because the Conditional
Diffusion module, the Constrained Edge Comple-
tion module, and iterative refinement address com-
plementary aspects of document-level event causal-
ity identification.

E Additional Exploration Study

We further analyze how the causal graph evolves
throughout the iterative refinement process of
ICGR. Since our framework combines confidence
calibration for weak retained edges with con-
strained directional causal edge completion, the
intermediate graph states provide a direct view of
whether sparse document-level causal structure be-
comes more complete and more coherent over suc-
cessive refinement rounds.

Figure 7 compares the initial graph and the final
refined graph on the EventStoryLine test set. For
both causality direction identification and causality
existence identification, the final graph contains
a higher proportion of identified causal relations
and a lower proportion of un-identified causal re-
lations than the initial graph. This improvement
is more evident for inter-sentence relations, which
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Directionality - Initial ECG Identification Results
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Directionality - Final ECG Identification Results
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Existence - Initial ECG Identification Results

Ratio: 32%
Annotated (Intra)
Ratio: 68%
Annotated (Inter)
Ratio: 13%
Identified (Intra)
Ratio: 19%
Un-identified (Intra)
Ratio: 30%
Identified (Inter)
Ratio: 38%
Un-identified (Inter)

32%

68%

13%

19%

30%

38%
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Figure 7: Comparison between the initial graph and
the final refined graph on the EventStoryLine test set.
We report the proportions of identified and un-identified
annotated causal relations for intra-sentence and inter-
sentence cases under both direction identification and
existence identification settings. The final refined graph
substantially reduces un-identified relations, especially
for inter-sentence causality.

are typically associated with weaker local cues and
longer reasoning paths. The comparison indicates
that iterative refinement helps recover part of the
causal structure that is difficult to preserve under a
single conservative decoding step, especially in the
cross-sentence setting.

Figure 8 provides a concrete example of this
process.

At initialization, the graph misses several gold
long-distance relations and also contains a few
incorrect edges. As refinement proceeds, weak
but structurally useful links receive stronger sup-
port through confidence-aware reasoning, allowing
downstream events to reconnect to a more com-
plete causal chain. Meanwhile, some early incor-

Model Overall F1 (%)

iLIF 46.69 ± 2.65
ICGR (Ours) 50.30 ± 1.34

Table 7: Fold-level statistical comparison on EventStory-
Line. Results are reported as mean ± standard deviation
over the 5 folds. Paired t-test: p = 0.0035.

rect directions are corrected after later rounds pro-
vide stronger structural and document-level context.
The final graph is therefore substantially closer to
the gold structure than the initial graph, qualita-
tively supporting the effectiveness of ICGR in im-
proving sparse document-level causal topology.

F Statistical Significance Analysis

To further examine whether the improvement of
ICGR is robust under a controlled setting, we com-
pare ICGR with the strongest reproduced baseline,
iLIF. Following the standard EventStoryLine 5-
fold topic-level evaluation protocol used in prior
work, we conduct paired significance testing over
the same five folds. For this controlled compari-
son, iLIF is reproduced using the officially released
code and the official environment specification, and
ICGR is evaluated under the same unified envi-
ronment configuration and evaluation pipeline to
ensure a fair comparison. Table 7 reports the fold-
level overall F1 scores in terms of mean and stan-
dard deviation. ICGR achieves a higher average F1
than iLIF (50.30±1.34 vs. 46.69±2.65), while also
showing lower variance across folds, indicating
more stable performance.

We further conduct paired significance testing
over the 5 folds. Under this controlled setting, a
paired t-test yields p = 0.0035, indicating that
the fold-level improvement of ICGR over iLIF is
statistically significant under this test.

G Details of LLM Baselines

To benchmark the generative paradigm, we incor-
porate a diverse set of Large Language Models
(LLMs). We reference the results of text-davinci-
003, GPT-3.5-turbo, and GPT-4 from prior work
(Gao et al., 2023). In addition, to reflect the per-
formance of more recent LLMs, we conduct inde-
pendent evaluations on LLaMA-3.1-8B and Qwen3-
Max.
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A 6.1-magnitude earthquake[E1] struck Indonesia's Aceh province on Tuesday, triggering landslides[E2] and collapsing[E3] buildings.

At least 24 people were killed[E4] and more than 200 others were injured[E5].

Landslides engulfed[E6] coffee plantations, burying[E7] farmers.

People panicked[E8] and rushed[E9] out of their homes, causing traffic jams[10].

Roads were badly damaged[E11], making it difficult for rescue teams to reach[E12] the affected areas.

Power outages[E13] and communications blackouts[E14] hampered rescue efforts[E15].

The air force dispatched aircraft[E16] to deliver aid and rescue survivors.
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Figure 8: A representative case of iterative causal graph refinement by ICGR. Compared with the annotated causal
graph, the initial graph contains several missing and spurious causal links. As refinement proceeds, some weak
long-distance relations are gradually recovered and some incorrect edges are corrected. The final refined graph is
much closer to the gold graph, demonstrating the ability of ICGR to restore a more coherent document-level causal
structure.

G.1 Experimental Setting

We evaluate LLM baselines under a prompt-based
event causality identification protocol following
the task formulation and prompt design principles
of Gao et al. (2023). Rather than treating prompt
engineering as an exhaustive search for the optimal
prompt, our goal is to assess whether commonly
used instruction, in-context learning (ICL), and
chain-of-thought (CoT) prompting paradigms can
provide reliable fine-grained causal discrimination
under the same event-pair evaluation setting (He
et al., 2025).

For each candidate event pair, the prompt
presents the document context, explicitly marks
the two target events, defines the causality identifi-
cation question, and requires the model to produce
a structured answer. For local LLM evaluation,
we use LLaMA-3.1-8B-Instruct and evaluate both
zero-shot CoT and few-shot CoT settings. In the
zero-shot CoT setting, the model is asked to reason
step by step and then output “Answer: Yes” or “An-
swer: No”. In the few-shot CoT setting, we use 12
demonstrations, including 4 positive and 8 negative
examples, following the reasoning template of Gao
et al. (2023): event extraction, semantic association
analysis, optional commonsense reasoning, causal
direction or non-causality verification, and final
structured output.

We parse model outputs using deterministic an-

swer extraction rules over the text following “An-
swer:” and compute precision, recall, F1, and accu-
racy for intra-sentence, inter-sentence, and overall
settings.

G.2 Evaluation Scope of LLM Baselines

The LLM results are intended as reference com-
parisons for the generative prompting paradigm,
rather than fully controlled comparisons against
supervised SOTA systems. In Section 4.2, the
evaluation scope differs across LLM baselines.
For LLaMA-3.1-8B, we report results under intra-
sentence, inter-sentence, and overall settings on
EventStoryLine. For Qwen3-Max, we report only
intra-sentence results, while leaving inter-sentence
and overall results unevaluated due to computa-
tional cost. For some earlier LLM baselines, we
directly report previously published results when
available.

Task Reliability of Current LLMs. The LLM
results should be interpreted as diagnostic evidence
about prompt-based LLM behavior on fine-grained
ECI, rather than as a definitive upper bound on
all possible LLM-based methods. Prior work has
shown that ChatGPT-style models often obtain high
recall but low precision on ECI, suggesting a ten-
dency to over-predict causal relations; it also re-
ports that ICL and CoT prompting may further
exacerbate this imbalance, and that performance
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Model P (%) R (%) F1 (%)

GPT-4 (Gao et al., 2023) 27.2 94.7 42.2
Qwen3-Max (zero-shot) 7.2 87.6 13.3
Qwen3-Max (few-shot) 38.5 76.5 51.2

Table 8: Supplementary LLM results on EventStoryLine
under the intra-sentence causality existence identifica-
tion setting. Since inter-sentence and overall document-
level results are not available for these models, they are
reported as partial reference comparisons.

is sensitive to the wording and format of causal
prompts (Gao et al., 2023).

Our local LLM experiments follow this evalua-
tion protocol and exhibit the same failure pattern.
In particular, under zero-shot CoT on EventStory-
Line, LLaMA-3.1-8B-Instruct achieves very high
recall but extremely low precision, especially in
the inter-sentence setting. This indicates that the
model frequently recognizes potential causal sig-
nals but struggles to reject non-causal event pairs.
Since document-level ECI involves longer contexts,
denser event interactions, and more implicit causal
evidence, such over-prediction behavior is espe-
cially problematic for fine-grained causal discrimi-
nation.

Therefore, we use LLM baselines as refer-
ence comparisons for the generative prompting
paradigm. The results do not imply that future
LLMs or task-specific LLM training cannot im-
prove DECI performance; instead, they show that
standard prompt-based LLM inference, even with
CoT and few-shot demonstrations, is not yet a
reliable substitute for supervised document-level
causal structure modeling.

G.3 Supplementary Intra-sentence LLM
Results

In addition to the LLM comparisons discussed
above, we report supplementary results for sev-
eral LLM baselines under the intra-sentence causal-
ity existence identification setting on EventStory-
Line. These results are included in the appendix
because the corresponding inter-sentence and over-
all document-level results are not available for all
models. Therefore, they should be interpreted as
partial reference comparisons rather than fully con-
trolled document-level comparisons.

As shown in Table 8, LLMs generally obtain
high recall but relatively low precision in this set-
ting, indicating that they tend to over-predict causal
relations. Few-shot prompting improves Qwen3-

Max compared with the zero-shot setting, but its F1
score remains lower than that of ICGR under the
same intra-sentence existence identification setting.
These results suggest that although LLMs can cap-
ture broad causal associations, they still struggle
with fine-grained causal discrimination.

G.4 Prompt Templates for LLM Baselines

To improve reproducibility and clarify the scope
of our LLM evaluation, we report the prompt tem-
plates used for the local LLM baselines. These
prompts follow the event-pair causality identifica-
tion formulation of Gao et al. (2023), where the
model is given the document context and two target
events, and is required to predict whether a causal
relation exists between them.

Zero-shot CoT prompt.

Input: {doc_content}

Event 1: “{event1}”

Event 2: “{event2}”

Question: is there a causal relationship between
“{event1}” and “{event2}”?

Let’s think step by step. Then state your answer
as “Answer: Yes” or “Answer: No”.

Answer:

Few-shot CoT prompt. For the few-shot CoT
setting, we prepend 12 demonstrations to the test
instance, including 4 positive and 8 negative exam-
ples. Each demonstration follows a six-step reason-
ing format: extracting the two event descriptions,
analyzing their semantic association, optionally
using commonsense knowledge, verifying causal
direction or non-causality, and producing a final
structured answer.

{icl_examples}

Input: {doc_content}

Event 1: “{event1}”

Event 2: “{event2}”

Question: is there a causal relationship between
“{event1}” and “{event2}”?

Reasoning Process:

We parse the model output by extracting the first
valid “Yes” or “No” after the keyword “Answer:”
for causality existence prediction. Outputs that
cannot be parsed into either label are treated as
invalid and excluded from metric computation.
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Method Time / Epoch GPU Memory / Batch

SENDIR (Yuan
et al., 2023)

2362 s 24 GB

ERGO (Chen
et al., 2022)

131 s 24 GB

iLIF (Liu et al.,
2024)

823 s 16 GB

ICGR (Ours) 134 s 18 GB

Table 9: Training efficiency comparison with represen-
tative document-level ECI baselines. "Time / Epoch"
denotes the average wall-clock training time per epoch,
and "GPU Memory / Batch" denotes the peak GPU
memory consumption under the corresponding batch
setting.

H Evaluation Settings and Label
Configurations

To comprehensively assess the model’s capabilities
in both fine-grained role differentiation and funda-
mental link completion, we conduct experiments
under two evaluation settings.

Causality Direction Identification This setting
evaluates the model’s ability to distinguish causal
directionality. Each directed event pair is assigned
one of three labels: NONE, CAUSE, or EFFECT.

Causality Existence Identification This setting
focuses on determining whether a causal link exists
between an event pair, regardless of its direction.
For this setting, CAUSE and EFFECT are collapsed
into a single positive class, while NONE is treated
as the negative class. A prediction is counted as
correct if it correctly determines whether the event
pair is causal or non-causal, without requiring the
predicted causal direction to match the gold direc-
tion. For MAVEN-ERE, following prior work, we
obtain the existence identification results by merg-
ing the event pairs predicted as CAUSE and EFFECT

in the direction setting into the CAUSAL class.

I Computational Efficiency and Resource
Usage

We further compare the computational efficiency
of representative document-level ECI methods. As
shown in Table 9, SENDIR (Yuan et al., 2023),
ERGO (Chen et al., 2022), and iLIF (Liu et al.,
2024) exhibit substantially different training costs
in terms of epoch time and GPU memory usage.
This comparison provides a practical reference for
understanding the efficiency–effectiveness trade-
off of structure-aware and iterative ECI models.

The results for ICGR are measured on a single
NVIDIA GeForce RTX 3090 GPU with 24GB
memory, while the baseline efficiency numbers are
reported following their available implementations
or published settings when applicable.

As shown in Table 9, although ICGR adopts iter-
ative graph refinement together with relation-aware
denoising, the overall training cost remains man-
ageable in practice. Under the default setting of 30
training epochs, one complete training run takes
approximately 1.0–1.2 hours, and the full 5-fold
cross-validation on EventStoryLine can be com-
pleted in about 5.7 hours. In addition, the peak
GPU memory usage is around 18GB, indicating
that the proposed framework does not exhaust the
memory budget of the hardware used in our experi-
ments.

Overall, these results suggest that the additional
cost introduced by iterative refinement is accept-
able for document-level ECI, while still leaving
room for future improvement in more resource-
constrained or latency-sensitive scenarios.
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