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Abstract

[Purpose/Significance] To further enhance the performance of event extraction
in the financial domain and strengthen the interconnection between its two
constituent subtasks. [Method/Process] This study investigates event extrac-
tion on Chinese financial texts and proposes a joint financial event extraction
framework that integrates a pre-trained model with a multi-layer convolutional
neural network. The pre-trained BERT model is first employed to capture
comprehensive semantic representations of sentence sequences, which are sub-
sequently processed by the MultiCNN architecture designed in this work to hi-
erarchically extract features from local windows and high-dimensional semantic
spaces, thereby simultaneously accomplishing event identification and argument
extraction. Furthermore, the introduction of contrastive loss further reinforces
the association between these two tasks. [Results/Conclusion] The proposed
method achieves an F1 score of 82.20% on a Chinese financial event dataset,
demonstrating consistent improvements over various baseline extraction mod-
els.
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tion in the financial domain and enhance the correlation between its two sub-
tasks. [Method/Process] This paper conducts research on event extraction
from Chinese financial texts and proposes a joint financial event extraction
method that integrates a pre-trained model with a multi-layer convolutional
neural network. First, the pre-trained BERT model captures comprehensive
semantic information from sentence sequences, which is then fed into the Mul-
tiCNN architecture designed in this paper to hierarchically extract local win-
dow and high-dimensional spatial semantic information, simultaneously accom-
plishing both event recognition and element extraction. Contrastive loss is fur-
ther introduced to strengthen the association between the two tasks. [Re-
sult/Conclusion] The F1 score reaches 82.20% on a Chinese financial event
dataset, representing a certain improvement over various benchmark extraction
models.

Keywords: Chinese event extraction; convolutional neural network; pre-
training model; joint learning

1 Introduction

Events represent a semantic unit through which people express information,
opinions, or facts, generally referring to objective occurrences where specific in-
dividuals or objects interact at particular times and locations. They constitute
a fundamental way of understanding the world [1]. The financial industry gener-
ates massive domain-specific textual data, including news, announcements, and
social media posts, which contain high-timeliness, high-value information repre-
sented by financial events such as investment/financing activities and mergers &
acquisitions. These events can assist enterprises in information-driven decision-
making and provide foundational technical support for constructing financial
event systems and knowledge graphs, holding significant application value. How
to effectively obtain such event information has long been a shared concern in
both industry and academia, with event extraction from domain texts being the
primary approach.

Event extraction involves identifying specific event types from natural language
text while extracting associated temporal, locational, and participant elements,
ultimately presenting them in a structured format [2]. Typically, event extrac-
tion comprises two subtasks: (1) event detection and classification, and (2)
event element identification and classification. As a hot research topic in nat-
ural language processing, event extraction has attracted widespread academic
attention in recent years and plays an important role in information extraction,
public opinion analysis, and knowledge base construction. Major evaluation con-
ferences such as ACE (Automatic Content Extraction) have dedicated tracks
for event extraction. ACE defines 33 event types spanning diverse domains
including births/deaths, company establishment, traffic accidents, and impris-
onment /release, providing parallel annotated corpora in multiple languages for
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evaluation [3]. Most current research optimizes and experiments on the ACE
2005 corpus.

Financial event extraction aims to rapidly and accurately extract key event infor-
mation from financial texts according to business requirements. Financial event
extraction exhibits distinct domain-specific characteristics, primarily reflected
in relatively specialized event types and high accuracy requirements for element
identification. Directly transplanting traditional event extraction methods faces
several challenges: (1) Sparse distribution of financial event categories—the ACE
2005 Chinese corpus contains only 633 documents covering 33 event types, with
insufficient training data and many categories irrelevant to finance (e.g., death,
attack, demonstration), while excessive categories cause severe overfitting in ex-
traction models; (2) Insufficient accuracy in event sentence classification and
element extraction, requiring further model optimization; and (3) Independent
modeling of the two subtasks, leading to error propagation between them. There-
fore, financial event extraction demands more targeted corpus accumulation and
extraction methods.

For these reasons, this paper focuses on the practical needs of financial event
extraction, explores key technical issues, and proposes a novel financial event
extraction method. The main contributions are threefold: (1) Establishing a
financial domain event classification system, collecting real news corpora from
financial information websites, and performing character-level BIO annotation
according to event extraction requirements; (2) Proposing BERT-MultiCNN, a
joint event extraction method integrating the pre-trained language model BERT
[4] with multi-layer convolutional neural networks [5] to hierarchically capture
event semantic information in sentences and further improve extraction effec-
tiveness; and (3) Introducing a two-stage joint learning mechanism to address
multi-task collaboration and resolve error propagation in pipeline models, estab-
lishing reasonable associations between tasks through contrastive loss to enable
error correction in the first-stage event classification using information from the
second-stage element extraction. Experimental results demonstrate that our
model achieves an F1 score of 82.20% on a Chinese financial event dataset, fur-
ther improving the effectiveness of both financial event extraction subtasks and
demonstrating high application value.

2 Related Research

Event extraction is a critical task in natural language processing with broad ap-
plications in public opinion analysis, semantic understanding, and text summa-
rization. Extensive research has been conducted by scholars both domestically
and internationally. Current event extraction research can be broadly cate-
gorized into three approaches: pattern matching methods, feature-engineered
machine learning methods, and deep learning methods.

Pattern matching methods typically involve designing standardized extraction
rules or templates with the assistance of domain experts, with pattern construc-
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tion being the core component. Examples include E. Riloff s AutoSlog [6] and
its improved version AutoSlog-TS [7], which utilize pattern dictionaries to build
templates for automatic extraction and can learn new patterns from existing
ones, significantly reducing the cost of manual rule construction to a certain
extent. In the financial domain, R. Feldman et al. [8] constructed a financial
sentiment dictionary to achieve phrase-level sentiment polarity matching and
formulated event extraction rules; Luo Ming et al. [9] defined a financial event
representation model, used word embedding tools to automatically generate
synonyms, and implemented multi-type financial event extraction based on rule
patterns. In summary, pattern matching methods require extensive standard-
ized extraction rules, entail high construction costs, and lack generality, thus
having significant limitations in application.

With the widespread success of machine learning in speech and translation, re-
searchers gradually turned to machine learning-based extraction. This approach
constructs multiple features including lexical, syntactic, and positional informa-
tion as input to machine learning models for automated event extraction, with
common models including Support Vector Machines (SVM), Conditional Ran-
dom Fields (CRF), and Hidden Markov Models (HMM). Li Xiang and Yang
Xiaolin et al. [10] designed three types of features—lexical, syntactic, and se-
mantic—and utilized SVM for news event classification. L. Hou et al. [11] em-
ployed CRF for machine learning model construction, integrating five feature
types (lexical, semantic, dependency relations, syntactic relations, and relative
position) with semantic role features to achieve event extraction. The challenge
of machine learning methods lies in feature selection and combination, with
research differences primarily reflected in these choices, inevitably introducing
subjective bias.

Unlike traditional machine learning, deep learning approaches represent text
sequences as computable multi-dimensional tensors and build end-to-end deep
learning models for event trigger and argument classification. Event sentence
classification is equivalent to k-class classification (where k equals event sen-
tence categories + 1, with the extra class representing non-event sentences),
while event element extraction requires multi-class classification with t cate-
gories at each position (where t equals all event element categories + 1, with
the extra class representing non-element labels). This approach typically elim-
inates the need for feature engineering, reducing subjective influence on model
input. Commonly used feature extractors include Convolutional Neural Net-
works (CNN [5,12-15]), Recurrent Neural Networks (RNN [13-17]), Transformer
encoders [18-22], and Graph Neural Networks [19,23-24]. For instance, Y. Chen
et al. [12] first applied deep neural networks to event extraction, designing a dy-
namic multi-pooling CNN that integrated word embeddings, position vectors,
and entity type vectors to accomplish both event classification and element ex-
traction. T.H. Nguyen et al. [16] utilized Bi-GRU for sentence encoding and de-
signed different memory matrices for joint extraction of event classification and
element identification, reducing error propagation. S. Zheng et al. [19] proposed
Doc2EDAG, an end-to-end solution for arguments scattered across multiple sen-
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tences, generating entity-based directed acyclic graphs encoded with multiple
Transformers. At the graph level, many scholars treat sentence sequences as
directed acyclic graphs and employ graph neural networks for event classifica-
tion and extraction, such as T.H. Nguyen et al. [23] who proposed a graph
convolutional network (GCN) based on syntactic dependency trees for event
detection, later improved by S. Cui et al. [24] with a relation-aware GCN (RA-
GCN) structure that studied the impact of different syntactic relation labels on
event extraction.

A comparative analysis of these deep learning methods for event extraction is
presented in Table 1 .

Applying machine and deep learning to financial event extraction has been a
key focus in both academia and industry. Beyond model exploration, finan-
cial event extraction involves two application aspects: (1) Corpus acquisition—
supervised methods require mature annotated corpora. H. Yang et al. [25] ob-
tained more financial domain annotated data through distant supervision and
utilized BIiLSTM-CRF for sentence-level and document-level event extraction.
L. Ein-Dor et al. [26] extracted weak labels from Wikipedia data for finan-
cial events and demonstrated effectiveness through experiments. Z. Zhou et
al. [27] proposed a two-tier event detection model for document-level corporate
financial events and developed a new dataset EDT based on news corpora for
corporate event identification and stock price prediction; (2) Output results—
financial event extraction requires clear application objectives. S. Ronqvist et
al. [28] used deep learning to extract financial risk events from news and gen-
erated analysis reports on banking crisis indices and government interventions.
S. Carta et al. [29] employed hierarchical clustering to classify financial events,
providing users with structured daily news summaries while alerting them to
potentially important events. L.D. Corro et al. [30] designed a unique attention
network to process large volumes of news headlines for predicting stock price
movements (up/down/stable), achieving good prediction results without labeled
data.

Current research on pre-trained model-based event extraction largely delegates
semantic capture to general-purpose pre-trained models, lacking specificity for
capturing local information in individual sentences. Convolutional Neural Net-
works (CNN) utilize kernel sharing mechanisms to fully leverage contextual
information within local windows for feature extraction, achieving excellent re-
sults in text classification [5,31], sequence labeling [32-34], and event extraction
[12-14,35]. However, applying these studies to event extraction presents several
issues: (1) Feature extraction—most previous research stacks word embeddings
with lexical and syntactic features for CNN-based extraction and integration,
but CNN’ s shallow network structure limits semantic encoding capacity; (2)
CNN structure—the convolutional architecture is overly simplistic, with opti-
mization limited to adjusting layer numbers or improving pooling methods; (3)
Using CNNs independently for event classification and element extraction causes
error propagation between the two tasks.
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Therefore, this paper combines the advantages of pre-trained models and CNNs,
first using the BERT pre-trained language model for general semantic extrac-
tion, then designing a unique multi-layer CNN to hierarchically capture local
information for joint end-to-end training of both tasks, ultimately achieving
event sentence classification and element extraction.

3 Financial Event Joint Extraction Method

This paper proposes a financial event joint extraction method that effectively ad-
dresses error propagation in event extraction. To obtain typical financial events,
we first constructed a financial event classification system. For model optimiza-
tion and effectiveness validation, we selected three key event types—mergers &
acquisitions, strategic cooperation, and investment /financing—for corpus anno-
tation and conducted related optimization and exploratory experiments.

3.1 Financial Event Classification System

Based on background research in the financial domain, this paper initially estab-
lished a financial event classification system from a corporate finance perspective.
The complete event categories and subcategory names are shown in Table 2 .
To obtain extensive extraction corpora for specific event categories, we used
keyword extraction technology to extract event feature words and employed
Word2Vec [36] for feature word expansion, collecting large volumes of Chinese
event extraction corpora based on the expanded feature word sets.

3.2 Problem Definition

Financial event extraction is generally defined as: automatically extracting key
events and their associated elements (e.g., time, location, event subject) from
unstructured text to obtain structured event representations. As shown in the
example below, the model must classify the sentence as a strategic cooperation
event and extract the event trigger ( “strategic cooperation” ), cooperating com-
panies (“Haitian Water Affairs Group”, “CITIC Bank Chengdu Branch”), event
time ( “April 6” ), and event location ( “Chengdu” ). The character-level label
mapping is detailed in Table 3 .

Example: “On April 6, Haitian Water Affairs Group and CITIC Bank Chengdu
Branch signed a strategic cooperation agreement in Chengdu.”

For the two subtasks of event sentence classification and event element identifica-
tion, there are two primary processing approaches: pipeline and joint extraction.
Pipeline methods first detect event types then extract corresponding elements
from event sentences, while joint extraction accomplishes both tasks simultane-
ously. Due to error propagation in pipeline architectures—where errors in the
first-stage event sentence classification affect subsequent element identification
—this paper adopts a joint extraction approach. Specifically, we treat event sen-
tence identification as a sentence classification task and event trigger/element
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identification as a character-level sequence labeling task, building an end-to-end
deep learning model for event extraction.

3.3 Method Overview

To accomplish the two subtasks of financial event extraction—event classification
and element extraction—this paper proposes BERT-MultiCNN; a joint financial
event extraction method based on multi-layer convolutional neural networks.
First, BERT” s powerful semantic encoding capability vectorizes the sentence
sequence, obtaining hidden vector representations H; for each token position
and sentence vector representation C;. H; is then processed through a multi-
layer CNN architecture to further extract local semantic information, yielding
vector representation H,. H, is fed into a fully connected classification model to
obtain label distributions for each position, followed by a CRF layer to control
label output and produce final trigger and element extraction results. For joint
extraction, we design a unified end-to-end architecture to align optimization
directions for both tasks. Additionally, while performing sequence labeling for
the second task, we apply pooling to H, to obtain sentence vector C,, which is
fused with C; for event classification results and used to compute contrastive
loss, forming a joint optimization objective. The overall architecture is shown in
Figure 1 [Figure 1: see original paper], consisting of the input layer, BERT en-
coding layer, MultiCNN layer, fully connected layer, CRF layer, and contrastive
loss between pre- and post-convolution sentence representations.

Our model’ s innovations include: (1) Combining the advantages of pre-trained
models and traditional CNN architectures for the two extraction tasks at sen-
tence and token levels; (2) Introducing a joint extraction paradigm to resolve
error propagation; and (3) Incorporating sentence vector contrastive learning to
optimize multi-task collaboration.

3.3.1 BERT Encoding Layer This paper employs Google’ s pre-trained
BERT model [4] as the word vector encoder. BERT” s main building block is
the Transformer [18] encoder, which stacks multiple bidirectional Transformer
layers to capture bidirectional deep semantic information in sentence sequences.
BERT’s input vector comprises three components: Token Embedding (word vec-
tors using one-hot encoding or public embeddings like Word2Vec [36] or GloVe
[34], typically character-level for Chinese), Position Embedding (relative posi-
tion encoding for each character), and Segment Embedding (sentence separation
vectors). The input vector is the sum of these three components:

E

wnput =

Etoken + Eposition + Esegment (1)

After obtaining BERT input, it enters the Transformer encoder, which con-
sists primarily of multi-head self-attention and feed-forward neural networks.
Self-attention learns relationships between all position pairs, with “multi-head”
enabling multiple perspectives. Details are shown in equations (2)-(4):
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, QKT
Attention(Q, K,V) = softmax(W)V (2)

k
head; = Attention(QWS, KWK, VW) (3)
MultiHead(Q, K, V) = Concat(head, , heads, ..., head,, )W (4)

The feed-forward network comprises two linear transformations with ReLU ac-
tivation:

FFN(Z‘) = max(O,le +b1)W2 +b2 (5)

Residual connections and layer normalization (Add & Norm) after self-attention
and feed-forward networks facilitate training and prevent gradient vanishing. Af-
ter BERT encoding, we take the last layer’ s output as the final representation,
where each position corresponds to a 768-dimensional hidden vector. The ini-
tial [CLS] token represents the sentence classification vector (C;) after a fully
connected layer:

Cy = FC(H,[0,:,:]) (7)

3.3.2 MultiCNN Layer Convolutional Neural Networks (CNN) are special-
ized deep feedforward networks originally for computer vision, inspired by hu-
man visual systems’ receptive fields. They have been successfully adapted for
text processing tasks like classification and sequence labeling [5,12-13,32]. Typ-
ically, CNNs combine convolutional, pooling, and activation layers.

For trigger and element identification, we treat the task as character-level se-
quence labeling using B, I, O tags to mark entity beginnings, interiors, and
non-entities, enabling simultaneous classification of all positions. We apply 1D
convolution kernels sliding along the sentence sequence to capture semantic and
contextual window features for each character. To maintain sequence length, we
design padding operations for different kernel sizes. The feature extraction pro-
cess for a kernel size of 3 is shown in Figure 2 [Figure 2: see original paper].

Specifically, our approach involves two stages: (1) Local window convolution
using parallel kernels of sizes 3 and 5, with feature map stacking; (2) Seman-
tic enhancement via three additional convolutional layers with kernel size 5 to
extract high-level semantic space information. The final convolutional output
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enters a fully connected layer for dimension transformation to obtain label clas-
sification probabilities P {LABEL}:

H, = MultiCNN(H,) (8)

Praper = FC(HQ) (9)

3.3.3 CRF Layer Trigger and element identification can be treated as label
classification tasks, but traditional softmax classifiers ignore label dependencies,
causing label bias issues. Conditional Random Fields (CRF) model dependen-
cies between sequence labels, proving effective for POS tagging, segmentation,
and NER [39-40]. CRF jointly models the entire label sequence. For input se-
quence X = {xq, Xq, -, X } and predicted label sequence y = {y;, vo, -, v }, the
overall score combines node scores (label probabilities) and path scores (label
transition probabilities):

S(X7 y) = 2 Pi,yi + z; Tyivyi+1 (10)

The training objective maximizes the correct path score. After global normal-
ization across all paths, we obtain the normalized probability:

S(X,y7)

Ply"|X) = Sy T
X

(11)

The optimization target is the log-likelihood log P(y*|X). During prediction,
Viterbi decoding on label sequence probabilities yields the final labels.

3.3.4 Training Loss For event sentence classification, we use cross-entropy
loss to measure the gap between true and predicted distributions. Let Q; be
the true distribution and P_ {sentence} the predicted distribution:

Psentence = softmax(C’l) (12)
LOSSl = H(Psentence’ Ql) = Z Ql(w) IOgQ Psentence (‘T) (13)

For element identification, we define Loss, as the CRF layer’ s negative log-
likelihood:

Lossy = —log P(y*| X) (14)
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To associate the two subtasks during joint learning, we combine their losses for
information sharing and further fuse semantic information through contrastive
loss Loss; between pre- and post-convolution sentence vectors. Specifically,
we apply mean pooling to Hy to obtain C, and define contrastive loss as the
cross-entropy between C; and C,. Intuitively, minimizing the distance between
convolutional representations aligns both tasks’ learning directions:

Lossy = — Z Cy(x)log, Cy () (15)

The joint training loss is a weighted sum of the three components, with weights
tuned experimentally:

Loss = Loss; + Loss, + 0.5 x Lossg (16)

4 Experiments and Analysis
4.1 Data Source

Our financial event extraction corpus is self-constructed. We crawled original
document-level data from financial news websites Caixin (https://www.caixin.com/)
and NBD (http://www.nbd.com.cn/) using Python. After sentence segmenta-
tion, deduplication, and stopword removal, we annotated event sentences, trig-
gers, and elements using the open-source brat system (http://brat.nlplab.org/).
We adopted BIO character-level annotation, where B marks entity beginnings,
I marks entity interiors, and O marks non-entities. For example, the sentence
“On April 6, Haitian Water Affairs Group and CITIC Bank Chengdu Branch
signed a strategic cooperation agreement in Chengdu” receives labels “1 B-time
I-time I-time I-time B-cpn I-cpn I-cpn I-cpn I-cpn I-cpn O B-cpn I-cpn I-cpn
I-cpn I-cpn I-cpn I-cpn I-cpn I-cpn O B-loc I-loc O O B-trig I-trig I-trig I-trig
O O”, where the initial “1” indicates event type (0 for non-event). To minimize
annotation errors, we conducted unified training and implemented a two-person
parallel annotation plus one-person review process. The final annotated corpus
statistics are shown in Table 4 , split 8:1:1 for training, validation, and test
sets.

4.2 Evaluation Metrics and Environment

We evaluate models using Precision (P), Recall (R), and their harmonic mean F1.
An extraction is considered correct only when both event sentence classification
and corresponding element extraction are accurate. Experimental environment
configurations are listed in Table 5 , and deep learning model parameters in
Table 6 .
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4.3 Baseline Model Comparison

To validate our model” s effectiveness, we compare against: (1) BILSTM-CRF
[40], a classic sequence labeling model; (2) BERT-BiLSTM-CRF, using BERT
for semantic extraction followed by BiLSTM; (3) IDCNN-CRF [41-42], employ-
ing dilated convolutions to expand receptive fields; and (4) BERT-IDCNN-CRF
[43], combining BERT with dilated convolutions. Comparison results are shown
in Table 7 .

Results demonstrate: (1) BERT significantly improves both RNN and CNN ar-
chitectures by effectively modeling contextual information through large-scale
pre-training, with improvements of +18.97% for BiLSTM and +15.40% for ID-
CNN, indicating BiLSTM’ s greater potential with pre-training; (2) BiLSTM
maintains natural advantages for sentence sequence modeling over IDCNN, as
dilated convolutions’ fixed-width perception cannot properly capture specific re-
lationships between event elements; (3) Our BERT-MultiCNN achieves the best
performance, improving F1 by 2.59% over the previous best BERT-BiLSTM-
CRF, demonstrating its effectiveness for the joint extraction task.

4.4 Ablation Study

To analyze each module’ s contribution, we conduct ablation experiments shown
in Table 8 . Results reveal: (1) Adding the multi-layer CNN structure improves
F1 by 1.88%, confirming its enhancement of semantic capture from the encoding
layer; (2) Incorporating CRF improves precision (+1.57%) and recall (+1.87%),
validating its effectiveness for modeling element label dependencies; (3) Remov-
ing contrastive loss causes recall to drop sharply by 4.15% while precision re-
mains similar, proving that contrastive loss leverages first-stage classification
information to identify more event entities, beneficial for high-recall scenarios.

4.5 Results Discussion

Experiments confirm that our multi-layer CNN-based joint extraction method
can rapidly and accurately extract structured event information from raw news
text without auxiliary information. Extraction examples are shown in Table 9 .

To further demonstrate our model’ s improvement on two-stage error propa-
gation, we compare subtask performance across models in Table 10 . Tradi-
tional models’ element extraction results heavily depend on first-stage classifica-
tion accuracy—when event classification is wrong (e.g., BILSTM-CRF, IDCNN-
CRF), subsequent extraction becomes meaningless. Our BERT-MultiCNN joint
method maintains extraction accuracy while using second-stage element infor-
mation to correct classification errors, achieving overall optimal performance
through joint learning.
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5 Conclusion

This paper focuses on financial event extraction’ s two core subtasks—event clas-
sification and element extraction—addressing insufficient CNN utilization, lim-
ited pre-trained semantic extraction, and inter-subtask error propagation. We
propose BERT-MultiCNN, a joint extraction framework that uses BERT for
primary semantic feature extraction applied to event classification, processes
character-level encodings through multi-layer CNNs for hidden representations
used in element extraction, and strengthens subtask associations through sen-
tence vector contrastive learning. Experiments demonstrate state-of-the-art per-
formance on financial event extraction, applicable to both financial and other
domains.

Our current joint extraction model primarily handles single-event extraction.
Future work will explore incorporating document-level information to meet the
requirements of complex multi-event extraction scenarios.
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