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Abstract

Event Causality Extraction (ECE) aims to extract the cause-
effect event pairs with their structured event information from
plain texts. As far as we know, the existing ECE methods
mainly focus on the correlation between arguments, without
explicitly modeling the causal relationship between events,
and usually design two independent frameworks to extract
cause events and effect events, respectively, which cannot
effectively capture the dependency between the subtasks.
Therefore, we propose a joint multi-label extraction frame-
work for ECE to alleviate the above limitations. In particu-
lar, 1) we design a heterogeneous-relation-aware graph mod-
ule to learn the potential relationships between events and
arguments, in which we construct the heterogeneous graph
by taking the predefined event types and all the words in
the sentence as nodes, and modeling three relationships of
“event-event”, “event-argument” and “argument-argument”
as edges. 2) We also design a multi-channel label enhanc-
ing module to better learn the distributed representation of
each label in the multi-label extraction framework, and fur-
ther enhance the interaction between the subtasks by con-
sidering the preliminary results of cause-effect type identifi-
cation and event argument extraction. The experimental re-
sults on the benchmark dataset ECE-CCKS show that our
approach outperforms previous state-of-the-art methods, and
that our model also performs well on the complex samples
with multiple cause-effect event pairs.

Introduction
Event Causality Extraction (ECE) is an important task in the
area of Natural Language Processing (NLP). The ECE task
can be divided into two subtasks: Cause-Effect Type Identi-
fication (CET) and Event Argument Extraction (EAE) (Cui
et al. 2022). As shown in Figure 1, given the predefined
event types and sentence as inputs, the ECE model needs
to identify the cause-effect type <Demand Reduction, Price
Declination> and extract their structured event information,
specifically, the arguments of cause event Demand Reduc-
tion are our countryRegion, steel industryIndustry , and iron
oreProduct, the arguments of effect event Price Declination
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Figure 1: An example of ECE.
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Figure 2: The dual grid tagging scheme of Cui et al. (2022)

are domesticRegion and iron powderProduct. It can bene-
fit many NLP tasks, such as event forecasting (Hashimoto
2019), question answering (Shi et al. 2021), and others.

In the ECE task, we note that the following three types of
relationships are essential for understanding the task.

• Event-Event: Modeling the relationships between
events is helpful to capture the potential causality between
them, which is the key to extract cause-effect event pairs.
For example, the event “Earthquake” usually leads to some
negative events, such as “Injury”.

• Event-Argument: Modeling the relationships between
events and arguments can help to extract specific arguments
based on each event type. Specifically, each event has its
specific arguments, and as the event type changes, so does
its arguments. As shown in Figure 1, for the event “Demand
Reduction”, the argument of the role “Product” is “iron ore”,
while for the event “Price Declination”, the argument of the
role “Product” is “iron powder”. Therefore, it is helpful for
the ECE model to better capture the interaction between
events and arguments.

• Argument-Argument: Arguments are the core compo-
nents of events, and the relationships between events are
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also related to the relationships between their arguments.
As shown in Figure 1, there is a strong semantic correlation
between the argument “iron ore” in the cause event “De-
mand Reduction” and the argument “iron powder” in the
effect event “Price Declination”. In addition, there is also
a strong semantic correlation between the arguments “iron
ore” and “steel industry” in the same event “Demand Re-
duction”. Therefore, modeling the relationships between ar-
guments is help for the ECE model to learn the potential cor-
relation between events and extract arguments of each event
more reliably.

Furthermore, in the ECE task, the two subtasks CET and
EAE are interdependent. As shown in Figure 1, if the ECE
model predicts that <Demand Reduction, Price Declina-
tion> is cause-effect type, then it is more likely to extract
cause arguments (such as iron ore) from the event Demand
Reduction and effect arguments (such as iron powder) from
the event Price Declination. Conversely, if event Demand
Reduction is predicted to have cause arguments, and event
Price Declination is predicted to have effect arguments,
there is a higher probability that these two events are real
events. Since they are in the same sentence and based on the
data characteristics, the probability of a causal relationship
between them is relatively high.

However, the existing methods have made limited use of
the aforementioned features. Cui et al. (2022) designed a
dual grid tagging scheme, as shown in Figure 2, they adopted
two independent grids to extract the arguments of each cause
event and effect event, respectively. Specifically, for the
cause grid, in the row of event Demand Reduction, they not
only predict our country, steel industry, and iron ore as the
cause arguments according to the correlation between events
and arguments, but also predict domestic and iron powder
as the arguments of the corresponding effect event accord-
ing to the correlation between arguments. The same applies
to the effect grid. Then, the cause-effect event pairs can be
obtained by matching the arguments co-occurring in both
event grids simultaneously. Although they have achieved im-
pressive performance, they mainly focus on the relationships
of “event-argument” and “argument-argument”, without ex-
plicitly modeling the relationship of “event-event”, and they
design two independent grids to model cause events and ef-
fect events separately, which cannot effectively capture the
dependency between the two subtasks.

To address the above limitations, we propose a Joint
multi-label Extraction Framework with Heterogeneous-
relation-aware graph and Multi-channel label enhancing
strategy (JEF-HM) for the ECE task. Specifically, 1) we de-
sign a heterogeneous-relation-aware graph module to learn
the potential relationships between events and arguments,
in which we construct the heterogeneous graph by taking
the predefined event types and all the words in the sentence
as nodes, and modeling three relationships of “event-event”,
“event-argument” and “argument-argument” as edges, then,
we adopt the heterogeneous graph neural networks to learn
the dependency between nodes. 2) We also design a multi-
channel label enhancing module to utilize multiple channels
to learn the distributed representations of each label, includ-
ing event-event causality label and event-argument relation

labels, and further enhance the interaction between the two
subtasks EAE and CET by enhancing strategy.

In summary, our contributions are as follows:

• We propose a joint multi-label extraction framework to
jointly extract the CET and EAE subtasks for ECE.

• To explore potential causal clues for ECE, we design two
modules, namely, heterogeneous-relation-aware graph
module and multi-channel label enhancing module.

• The experimental results on the benchmark dataset ECE-
CCKS show that our approach outperforms previous
state-of-the-art methods, and that our model also per-
forms well on the complex samples with multiple cause-
effect event pairs.

Related Work
In this section, we introduce event causality from the follow-
ing two aspects:

Event Causality Identification
Given the rapid development of natural language process-
ing, event causality has attracted increasing attention from
researchers. Currently, most researchers mainly focus on
the Event Causality Identification (ECI) task, which aims to
identify the causal relationship between two given events in
the text.

In earlier studies, feature-based methods were mainly
used to solve the ECI tasks, including lexical and syntactic
features (Gao, Choubey, and Huang 2019), causality cues
(such as “cause” and “therefore”) (Riaz and Girju 2014),
event co-occurrence patterns (Hu and Walker 2017), tem-
poral patterns (Ning et al. 2018), and others.

In recent years, many neural-network-based methods have
been applied to the ECI task because of the widespread de-
velopment of deep learning. Liu, Chen, and Zhao (2020),
Cao et al. (2021), and Wu et al. (2023) introduced exter-
nal commonsense knowledge to enrich the representations
of events. Zuo et al. (2020) and Zuo et al. (2021) generated
additional training data through data augmentation frame-
work to alleviate data lacking problem. Shen et al. (2022)
proposed a derivative prompt joint learning model, which
utilized potential causal knowledge in the pre-trained lan-
guage model to enhance the ECI model. Chen et al. (2022b)
proposed a event relational graph transformer framework to
capture the potential causal chains and alleviate the false
positive and false negative issues for document-level ECI.

Event Causality Extraction
Although the ECI task has achieved impressive perfor-
mance, it still suffers from limitations. For example, in the
ECI task, each event is expressed by a word or phrase, there
is no clear event type and event structure information, and
events need to be provided in advance, which may lead to the
loss of some crucial clues for understanding event causal-
ity and restricts its applicability. Therefore, Cui et al. (2022)
further introduced the ECE task to overcome the above limi-
tations of ECI task, and designed a dual grid tagging scheme
for ECE, which adopts two independent grids to extract the
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Figure 3: The framework of our proposed model JEF-HM.

arguments of each cause event and effect event, respectively,
and obtains the cause-effect event pairs by matching the ar-
guments in the two grids.

Despite their success, they do not explicitly model the
causal relationship between events, and the two independent
grids they designed are unable to effectively capture the de-
pendency between two subtasks. Therefore, we propose a
joint multi-label extraction framework with heterogeneous-
relation-aware graph module and multi-channel label en-
hancing module to alleviate the above limitations.

Method
Problem Formulation
Given a predefined set E = {e1, e2, ..., em} containing m
event types and a sentence S = {w1, w2, ..., wn} contain-
ing n words as input, the goal of ECE task is to extract a
set O = {(ce, ee, carole, earole)o}o=|O|

o=1 from the input se-
quence, where ce and ee represent the cause event type and
effect event type, respectively, carole and earole represent
the sets of cause arguments and effect arguments, respec-
tively, role ∈ {Region, Industry, Product}, |O| repre-
sents the number of cause-effect event pairs in the sentence.

Label Definition and Grid Filling
We define 14 types of labels (as shown in Table 1) and con-
struct a (m+ n) ∗ (m+ n) grid T (as shown in Figure 3(d))
for ECE. For the grid T , the filling process can be divided
into the following three steps:

• Cause-effect type filling. The entry Ti,j (i, j ∈ [1,m])
is used to fill cause-effect type. If there exists a causal rela-
tionship between event ei (as cause event) and event ej (as
effect event), we set Ti,j = 1; otherwise, Ti,j = 0.

• Cause event argument filling. The entry Ti,j (i ∈
[1,m], j ∈ [m + 1,m + n]) is used to fill the argument of
the cause event. If the (j −m)-th word w(j−m) is the argu-
ment boundary of the i-th cause event ei, we set Ti,j = ct
(ct ∈ [2, 7]), otherwise, Ti,j = 0.

# Labels # Labels
0 Null 7 Cause-Product-E
1 Cause-Effect 8 Effect-Region-S
2 Cause-Region-S 9 Effect-Region-E
3 Cause-Region-E 10 Effect-Industry-S
4 Cause-Industry-S 11 Effect-Industry-E
5 Cause-Industry-E 12 Effect-Product-S
6 Cause-Product-S 13 Effect-Product-E

Table 1: The label set L = {li}(i ∈ [0, 13]) of the cause-
effect grid, where Cause-Effect denotes the event-event
causality label; Cause-Role-S/E denotes the start/end posi-
tion label of the argument under the corresponding role in
the cause event; Effect-Role-S/E denotes the start/end posi-
tion label of the argument under the corresponding role in
the effect event.

• Effect event argument filling. The entry Ti,j (i ∈ [m+
1,m + n], j ∈ [1,m]) is used to fill the argument of the
effect event. If the (i−m)-th word w(i−m) is the argument
boundary of the j-th effect event ej , we set Ti,j = et (et ∈
[8, 13]), otherwise, Ti,j = 0.

JEF-HM Model
The overview of our proposed JEF-HM model is shown in
Figure 3.

Encoding Given a predefined event type set E and sen-
tence S, we concatenate them as input sequence via Eq.
(1), and adopt a pre-trained language model MacBERT (Cui
et al. 2020) as encoder to extract hidden contextual repre-
sentations via Eq. (2). Then, we utilize two Multi-Layer-
Perceptrons (MLP) to capture the cause-specific represen-
tations and effect-specific representations via Eqs. (3)-(4),
respectively.

I = ([CLS], e1, [E1], ..., [SEP], w1, ..., wn, [SEP]) (1)
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HI = MacBERT(I) = [he1 , ..., hem , hw1 , ..., hwn ] (2)

HC = MLPC(HI) = [hce1 , ..., hcem , hcw1
, ..., hcwn

] (3)

HE = MLPE(HI) = [hee1 , ..., heem , hew1
, ..., hewn

] (4)

where [Ej] denotes the marker of the event type ej ; hcei ,
heei , hcwi

, and hewi
denote the representations of the can-

didate cause event, candidate effect event, candidate cause
argument, and candidate effect argument, respectively.

Heterogeneous-Relation-Aware Graph Module To cap-
ture the potential relationships between events and argu-
ments, we construct a heterogeneous-relation-aware graph
and adopt the heterogeneous graph neural networks to adap-
tively fuse the information of neighbor nodes.

• Heterogeneous-Relation-Aware Graph Construc-
tion. We define the graph as G = (V, E), the node set
V consists of four parts, including candidate cause event
set {cei}mi=1, candidate effect event set {eei}mi=1, candidate
cause argument set {cwi}ni=1, and candidate effect argument
set {ewi}ni=1. Therefore, the embeddings of all nodes can be
obtained via Eq. (5).

H
(0)
V = {hcei}

m
i=1 ∪ {heei}

m
i=1 ∪ {hcwi

}ni=1 ∪ {hewi
}ni=1

(5)
For the edge set E of the graph, we consider the following

three relationships:
1) Event-Event: Modeling the relationships between

events is conducive to identify their potential causal rela-
tionship. Therefore, we construct edges for each candidate
cause event cei and candidate effect event eei.

2) Event-Argument: Modeling the relationships between
events and arguments can help to better capture the interac-
tion between them. There are two kinds of Event-Argument
edges in our graph. Specifically, for cause, we establish
edges between each candidate cause event cei and candidate
cause argument cwi; for effect, we establish edges between
each candidate effect event eei and candidate effect argu-
ment ewi.

3) Argument-Argument: Modeling the relationships be-
tween arguments can help to mine the inherent correlation
between events and extract arguments of each event more
reliably. There are three kinds of Argument-Argument edges
in our graph. Specifically, we establish edges between each
candidate cause argument cwi and candidate effect argument
ewi; furthermore, considering that the correlation between
two words with semantic relation is relatively strong, we uti-
lize the toolkit LTP (Che et al. 2021) to obtain syntactic de-
pendency tree and establish edges between candidate cause
arguments cwi and cwj which are connected to each other
in dependency tree, the same applies to the candidate effect
arguments.

Furthermore, each type of nodes have a self-loop edge,
which can help each node to maintain its feature in the pro-
cess of interaction.

• Heterogeneous-Relation-Aware Graph Update. Con-
sidering that different neighbor nodes and different types of
edges have different importance for each node, we leverage
Relational Graph Attention Network (R-GAT) (Wang et al.
2020a) to model the degree of dependency between nodes.

R-GAT contains Q attentional heads and K relational
heads. Specifically, attentional heads update each node rep-
resentation by using multi-head attention via Eqs. (6)-(7).

h
(l+1)
atti = ||Qq=1

∑
vj∈N (vi)

αlq
i,jW

l
qh

l
vj

(6)

αlq
i,j = attention(i, j) (7)

where N (vi) denotes the neighbor nodes of vi; α
lq
i,j is a nor-

malized attention coefficient, following Wang et al. (2020a),
we adopt dot-product attention; W l

q is a learnable parameter.
Relational heads update each node representation by con-

sidering different types of dependency relations via Eqs. (8)-
(10).

h
(l+1)
reli

= ||Kk=1

∑
vj∈N (vi)

βlk
i,jW

l
kh

l
vj

(8)

βlk
i,j =

exp(glki,j)∑N (vi)
u=1 exp(glki,u)

(9)

glki,j = σ(ReLU(ri,jWk1 + bk1)Wk2 + bk2) (10)
where ri,j denotes the relation embedding between nodes vi
and vj ; W l

k, Wk1
, Wk2

, bk1
, and bk2

are learnable parame-
ters.

The representation of each node at layer l+1 can be com-
puted via Eq. (11).

h(l+1)
vi

= ReLU(Wl+1[h
(l+1)
atti ;h

(l+1)
reli

] + bl+1) (11)

where Wl+1 and bl+1 are learnable parameters.
In order to preserve the contextual semantic information

of each node, the final representations are a weighted sum of
the original representations H

(0)
V and the last layer’s repre-

sentations H(ln)
V via Eq. (12).

H̃V = Wl0H
(0)
V +WlnH

(ln)
V (12)

where H
(ln)
V ={h(ln)

vi }
2∗(m+n)

i=1 ; Wl0 and Wln are learnable
parameters.

Multi-Channel Label Enhancing Module To better learn
the distributed representation of each label in Table 1, and
further enhance the interaction between the two subtasks, in-
spired by Chen et al. (2022a), we design a multi-channel bi-
affine attention module and enhancing strategy, respectively.

• Multi-Channel Biaffine Attention. To construct atten-
tion matrix, the column representations H̃C and the row rep-
resentations H̃E can be obtained via Eqs. (13)-(14).

H̃C = {h̃cei}
m

i=1 ∪ {h̃ewi}
n

i=1 (13)

H̃E = {h̃eei}
m

i=1 ∪ {h̃cwi}
n

i=1 (14)

where h̃cei , h̃eei , h̃cwi
and h̃ewi

∈ H̃V .
Then, we adopt a biaffine attention mechanism (Dozat and

Manning 2017) to generate the multi-channel label represen-
tations via Eqs. (15)-(16).

lri,j,t = h̃cT
i U1h̃

e
j + U2[h̃

c
i ; h̃

e
j ] + b (15)
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lri,j = [lri,j,1; lri,j,2; ..., lri,j,|L|] (16)
where lri,j,t denotes the distributed representation of the t-
th label lt; |L| denotes the number of label; h̃c

i ∈ H̃C ; h̃e
j ∈

H̃E ; U1, U2 and b are learnable parameters.
• Enhancing Strategy. To further enhance the interaction

between the two subtasks, we design an effective enhanc-
ing strategy by utilizing the event-argument relationships to
strengthen the event-event causal relationship, while also us-
ing the event-event causal relationship to further enhance
the event-argument relationships. Specifically, we introduce
lrcwi and lrewj as the preliminary results of EAE when identi-
fying the causal relationship between events, and introduce
lrcei and lreej as the preliminary results of the CET when
conducting argument extraction via Eqs. (17)-(23).

For cause-effect type identification:
lrcwi = max pooling(lri,m+1:m+n) (17)
lrewj = max pooling(lrm+1:m+n,j) (18)

hi,j = (h̃c
i ; h̃

e
j ; lri,j ; lr

cw
i ; lrewj ) (19)

where i, j ∈ [1,m].
For cause event argument extraction:

lrcei = max pooling(lri,1:m) (20)

hi,j = (h̃c
i ; h̃

e
j ; lri,j ; lr

ce
i ) (21)

where i ∈ [1,m], j ∈ [m+ 1,m+ n].
For effect event argument extraction:

lreej = max pooling(lr1:m,j) (22)

hi,j = (h̃c
i ; h̃

e
j ; lri,j ; lr

ee
j ) (23)

where i ∈ [m+ 1,m+ n], j ∈ [1,m].

Prediction and Training After obtaining the representa-
tion hi,j of each entry in the grid, we conduct multi-label
classification upon each entry via Eq. (24).

pi,j = σ(Wphi,j + bp) (24)
where Wp and bp are learnable parameters.

For training, we utilize the cross-entropy function as loss
function via Eq. (25).

Lp = −(
m∑
i=1

m+n∑
j=1

∑
t∈|L|

I(yi,j = lt)log(pi,j |lt)

+
m+n∑
i=m

m∑
j=1

∑
t∈|L|

I(yi,j = lt)log(pi,j |lt))

(25)

where yi,j denotes the ground truth label of the entry Ti,j .
We also add an auxiliary supervision for the multi-channel

label distributed representations via Eq. (26).

Llr = −(
m∑
i=1

m+n∑
j=1

∑
t∈|L|

I(yi,j = lt)log(σ(lri,j)|lt)

+
m+n∑
i=m

m∑
j=1

∑
t∈|L|

I(yi,j = lt)log(σ(lri,j)|lt))

(26)

The final loss function is a weighted sum of the aforemen-
tioned terms via Eq. (27).

L = Lp + βLlr (27)
where β ∈ (0, 1).

Decoding Strategy The decoding strategy can be divided
into the following two steps:

• Cause-effect type decoding. The predicted results of
{pi,j}(i, j ∈ [1,m]) are used to decode cause-effect types.
As shown in Figure 3(d), we can obtain cause-effect types
set CE = {(ce2, ee1), (ce3, ee3)}.
• Cause/effect event argument decoding. For each

cause-effect type (cei, eej) ∈ CE, we adopt the nearest
start-end match principle (Wei et al. 2020) to decode the
cause arguments from {pcei,j}(j ∈ [m + 1,m + n]) and
the effect arguments from {pi,eej}(i ∈ [m + 1,m + n]).
As shown in Figure 3(d), for (ce2, ee1), we can obtain the
arguments {(cw1, cw2, cw3)Region, (cw4, cw5)Product} for
the cause event ce2, and the arguments {(ew1, ew2)Industry,
(ew4, ew5)Product} for the effect event ee1.

Experiments
Dataset and Evaluation
We verify the effectiveness of the proposed model on the
Chinese benchmark dataset ECE-CCKS (Tianchi 2021),
which contains 7,000 sentences, 15,816 events, 7,908 cause-
effect event pairs, 39 types of events and 3 types of event
roles, namely Region, Industry, and Product.

Following Cui et al. (2022), we divide the dataset with
the proportion of 8:1:1 and evaluate our model using Pre-
cision (P), Recall (R) and Micro-F1 (F1) of three metrics.
1) EAE Metric, which evaluates the model’s ability to ex-
tract event arguments. 2) CET Metric, which evaluates the
model’s ability to identify cause-effect types. 3) ECE Met-
ric, which synthesizes the above two metrics, where an argu-
ment in ECE is correctly extracted when its predicted cause-
effect event type, span and event role simultaneously meet
the gold label.

Implementation Details
We use HuggingFace’s Transformers library to implement
the BERT base model and MacBERT base model. The
Adam algorithm (Kingma and Ba 2015) is used as an op-
timizer, the learning rate is initialized to 5e-5, the weight β
is set to 0.1, the R-GAT layers is set to 2, the number of at-
tentional heads Q is set to 4, the num of relational heads K
is set to the number of relationships, and the dimension of
the relation embedding ri,j is set to 30, which is randomly
initialized via sampling from a uniform distribution and is
learned together with the model training process. Moreover,
since the positive samples in the dataset are sparse, we adopt
a negative sampling rate of 0.6 for training.

Baselines
We compare our model with the following baseline meth-
ods, which can be divided into two categories depending on
whether utilizing the Large Language Model (LLM).

Methods without LLM: 1) Novel-tagging, which fol-
lows Zheng et al. (2017), designs a unified label space, and
conducts ECE via sequence-labeling. 2) CasECE, which
follows Wei et al. (2020), first extracts the cause event and
then deduces the effect event. 3) Pair-linking, which fol-
lows Wang et al. (2020b), first conducts event-type-level pair
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EAE(%) CET(%) ECE(%)
P R F1 P R F1 P R F1

Novel-tagging[◦] 59.40 28.47 38.49 49.79 61.70 55.11 51.52 26.75 35.22
CasECE[◦] 36.88 36.72 36.80 58.26 59.70 58.97 31.30 41.81 35.80

Pair-linking[◦] 47.08 46.49 46.79 55.78 62.95 59.14 39.24 47.69 43.05
DualCor[◦] 58.05 47.60 52.31 61.75 58.19 59.92 48.56 44.85 46.63
DualCor[⋄] 67.64 49.19 56.96 70.68 60.95 65.45 58.29 48.02 52.66

ChatGLM-6B 68.92 55.10 61.24 69.08 62.07 65.39 57.68 50.91 54.08
JEF-HM[◦] 60.04 53.36 56.51 63.05 64.08 63.56 50.94 51.73 51.33
JEF-HM[⋄] 61.49 55.66 58.43 66.41 66.08 66.24 53.90 54.76 54.34

Table 2: Experimental results on the ECE-CCKS dataset, where [◦] and [⋄] denote models that use BERT (Devlin et al. 2019)
and MacBERT (Cui et al. 2020) as encoders, respectively.

linking to derive the cause-effect types, which is then used as
conditional information for word-pair linking to derive event
arguments. 4) DualCor (Cui et al. 2022), which designs a
dual grid tagging scheme and explores the intra-event and
inter-event arguments correlation for the task.

Methods with LLM: ChatGLM-6B (Zeng et al. 2023),
is an open bilingual language model based on General Lan-
guage Model (GLM) (Du et al. 2022) framework and can
performs well on Chinese corpus. We implement it by fine-
tuning on the ECE-CCKS dataset.

Overall Results

Table 2 shows the overall experimental results. The follow-
ing can be observed from the table:

1) Our method JEF-HM outperforms all the methods
without LLM in the F1-score, indicating that JEF-HM is ef-
fective for the ECE task. Specifically, compared with the
current best method DualCor[⋄], our method JEF-HM[⋄]
achieves 1.47%, 0.79%, and 1.68% improvements in the F1-
score on three metrics, respectively. This can be attributed
to that the baseline methods usually use two independent
grids for cause events and effect events, and mainly focus
on the relationships of “event-argument” and “argument-
argument”, while we further consider the relationship of
“event-event”, and the joint framework we designed can ef-
fectively capture the dependency between the two subtasks.

2) Compared with the ChatGLM-6B, our method JEF-
HM[⋄] achieves 0.85% and 0.26% improvements in the F1-
score on CET and ECE, respectively. However, ChatGLM-
6B performs better than existing methods on EAE. This can
be attributed to that the ECE-CCKS dataset only consid-
ers three common roles “Region”, “Industry”, and “Prod-
uct” for each event, while the ChatGLM-6B we used is a
pre-trained model with rich and general knowledge, and we
further finetuned it on the ECE-CCKS dataset, which allows
it to perform well on traditional EAE task. However, it is
worth noting that ChatGLM-6B still has certain limitations
in its reasoning abilities, such as logical reasoning and rela-
tional inference, which consequently restrict its performance
on CET task, while we consider multiple relationships be-
tween events and arguments, which is helpful to capture po-
tential causal cues.

EAE(%) CET(%) ECE(%)
JEF-HM[⋄] 58.43 66.24 54.34

-HRAG 57.72 65.24 53.10
-EE−E 56.77 63.95 52.72
-EE−A 57.06 64.25 52.61
-EA−A 57.13 64.34 52.62
-MCLE 55.17 63.80 51.38

-ES 56.53 65.18 52.96
-Llr 58.20 65.03 53.20

Table 3: Ablation study (F1/%) on the ECE-CCKS dataset.

Ablation Study

This section analyzes the contribution of each part in our
model through ablation experiments, as shown in Table 3.

The effect of heterogeneous-relation-aware graph
module. We use -HRAG, -EE−E , -EE−A, and -EA−A, de-
note the removal of the whole graph module and each type of
relationship, respectively. The performance has dropped to
varying degrees on three metrics, indicating that all three re-
lationships we considered are beneficial to the model. More-
over, we note that the performance of removing each rela-
tionship on the heterogeneous graph is lower than that of
removing the whole graph. This could be due to the rela-
tively small size of our dataset, which may prevent the graph
model from learning the optimal representations.

The effect of multi-channel label enhancing module.
We use -MCLE and -ES denote the removal of the whole
module and the enhancing strategy, respectively. After re-
moving them, the performance on three metrics is signifi-
cantly dropped, beacuse this module can help the model bet-
ter learn the distributed representation of each label in multi-
label framework and the enhancing strategy can leverage the
preliminary results of CET and EAE as prior information to
enhance the interaction between two subtasks.

The effect of auxiliary supervision. we use -Llr de-
notes the removal of the auxiliary supervision for the multi-
channel label representations. The auxiliary supervision can
effectively constrain the distributed representation of each
label, while the absence of such supervision impacts its rep-
resentations, thereby affecting the overall performance.
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Sentence: The recent sharp decline in international natural gas prices has led to a significant increase in the supply 
capacity of synthetic ammonia in the international market, thus causing a rapid decline in international urea market prices.

Cause-Effect Type Cause Event Arguments Effect Event Arguments

Gold
<Price Declination, Supply Rise> “international”Region,  

“natural gas”Product

“international”Region,  
“synthetic ammonia”Product

<Supply Rise,  Price Declination> “international”Region,
“synthetic ammonia”Product

“international”Region,  
“urea”Product

DualCor[  ]

<Price Declination, Price Rise> “international”Region

<Price Declination,  Price Declination> “international”Region, 
“synthetic ammonia”Product

“international”Region, 
“urea”Product

ChatGLM-6B <Price Declination, Supply Rise> “international”Region,  
“natural gas”Product

“international”Region,  
“synthetic ammonia”Product

JEF-HM[  ]

<Price Declination, Supply Rise> “international”Region,  
“natural gas”Product

“international”Region,  
“synthetic ammonia”Product

<Supply Rise,  Price Declination> “international”Region,
“synthetic ammonia”Product

“international”Region,  
“urea”Product

international natural gas
synthetic ammonia international international urea

Figure 6: The outputs of different models for a given sentence.
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Figure 4: Experimental results on the single pair subset.
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Figure 5: Experimental results on the multi pairs subset.

Single pair vs. Multi pairs
To further explore the effectiveness of our model, we divide
the test set into a single pair subset and a multi pairs sub-
set according to the number of cause-effect event pairs in
the sentence, where the proportion of sentences with multi-
ple cause-effect event pairs is 12.71%. We report the perfor-
mance of three models DualCor[⋄], ChatGLM-6B and JEF-
HM[⋄] on the two subsets, respectively, as shown in Figure
4 and Figure 5. We can observe that ChatGLM-6B performs
better than the other models on the single pair subset, how-

ever, on the multi pairs subset, the performance of our model
is greatly improved. This finding indicates that ChatGLM-
6B has a strong ability to solve the simple samples, while
its ability to solve the complex samples is relatively limited.
However, our model JEF-HM[⋄] can effectively improve the
performance on the multi pairs subset by considering multi-
ple relationships between events and arguments, as well as
interaction information between subtasks.

Case Study

In this section, we conduct a case study to further illustrate
an intuitive impression of our method. Figure 6 shows the
ground truth label and the predicted results of DualCor[⋄],
ChatGLM-6B, and JEF-HM[⋄] for the given sentence. We
can observe that DualCor[⋄] fails to accurately identify the
cause-effect types, while ChatGLM-6B only extracts one
cause-effect event pair. In contrast, our model accurately
extracts all cause-effect event pairs. This case once again
demonstrates the effectiveness of our method on the multi
pairs subset.

Conclusion

In this paper, we propose a joint multi-label extraction
framework with heterogeneous-relation-aware graph and
multi-channel label enhancing strategy for the ECE task.
The experimental results on the benchmark dataset ECE-
CCKS indicate that our approach is effective for the ECE
task, and that our model also performs well on the complex
samples with multiple cause-effect event pairs. In the fu-
ture, we aim to expand the dataset and mine other potential
causal features for ECE task. Moreover, we only compare
with the LLM ChatGLM-6B, in the next work, we will con-
sider leveraging the advantages of the LLM (e.g., its good
performance on EAE) to assist the ECE task.
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