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Article 
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Abstract: Event detection provides a crucial foundation for intelligent text analysis and supports numerous 

downstream applications. However, existing detection models often fail to meet the high accuracy 

requirements and typically require a human–machine collaborative detection mode involving “machine 

detection followed by manual audit and correction.” Analysis reveals that the recall rate of machine detection 

is a major factor limiting the efficiency of human–machine collaboration. To address this at its root and ensure 

high recall, an event trigger recommendation task is introduced, and a span-based recommendation model for 

Chinese, SpETR (Span-based Event Trigger Recommender), is developed. This model integrates confidence 

information from both trigger identification and event classification stages to recommend candidate triggers 

and their event types for each event. To enhance recall, a semantic boundary smoothing method is proposed, 

which assigns soft labels to spans around gold triggers based on semantic completeness and part-of-speech, 

combined with a modified focal loss function to make the model predictions smoother. Experiments on DuEE 

and a self-built dataset show that SpETR is most effective when the number of recommendations is set to 3, 

achieving recall rates of 97.76% and 98.70%, respectively, comprising improvements of 4.30% and 5.22% over 

the optimal baseline models. In terms of human–machine collaborative detection, SpETR saved 30.6% and 

25.8% of time compared to traditional detection models on two datasets, and the average F1 score of the 

annotation results was also improved by 5.35% and 3.48%, respectively. 

Keywords: event detection; event trigger recommendation; human–machine collaboration; span 

model; boundary smoothing; natural language processing 

MSC: 68T30; 68T50 

 

1. Introduction 

Event detection is the process by which a computer automatically identifies the event triggers 

[1] (the word or phrase that best represents the core meaning of an event) contained in text and 

determines the type of event. It is an important basis for intelligent text analysis, which can support 

downstream applications such as information retrieval, intelligent question answering, and 

knowledge graph construction. Within the field of event detection, the judicial event detection and 

political event monitoring tasks involved in information retrieval have high accuracy requirements 

(almost no error). In this paper, this kind of application is called a “high-accuracy downstream 

application,” or “high-accuracy application” for short. 

Due to its huge application value, event detection technology has attracted widespread attention 

and is a long-term research hotspot in the field of artificial intelligence and natural language 

processing. The introduction of deep learning approaches, especially pre-trained language models 

[2], has significantly improved detection performance over the past decade. However, due to the 

widespread existence of complex language phenomena such as the coexistence of multiple events, 
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multiple triggers referring to the same event, and the traditional “either 1 or 0” hard label [3] easily 

leading to overfitting and other problems, the average accuracy (always using the F1 score, which 

harmonizes recall and precision, to measure performance on the test set) of the existing methods on 

closed datasets is only about 85% [4–7]. This will be lower, potentially even much lower than 80%, in 

the open corpus environment of practical applications. This cannot directly meet the needs of these 

high-accuracy applications. Therefore, in practice, professionals need to audit and correct the 

machine output, through the human–machine collaborative detection mode of “machine detection—

manual audit and correction,” in order to ensure that the final results are exactly correct. In the 

process, for the error of machine output, the auditor only needs to judge the labeling criteria, and 

adjust or delete annotations locally, and the time taken is usually less than the full manual annotation 

(without machine participation). For the omission of machine output, the auditor needs to re-read 

the text, then manually mark the missing triggers and their type according to the context, and the 

time taken is even longer than that for full manual annotation. Therefore, the recall rate of the 

machine output results is the key to affecting the efficiency of human–machine cooperative detection. 

However, existing detection methods usually only output a single result for each detected event, 

pursuing as high an F1 score as possible, and the recall rate has not received enough attention, 

resulting in a correspondingly high missed detection rate. Therefore, the overall efficiency of human–

machine collaborative detection still has a lot of room for improvement. 

In view of the above problems, we take improving the recall rate of machine output results as 

our first goal, aiming to improve the overall efficiency of human–machine collaborative detection. To 

address this, we approach it from three aspects: task modeling, model construction and inference, 

and model training (1) In terms of task modeling, we introduce an event trigger recommendation 

task that requires the machine to identify all potential events for each preferred recommended 

candidate trigger and event type with high recall, in order to ensure the auditor can focus on the 

machine output audit correction and avoid having to re-read text and complete missing parts, thus 

reducing the time needed. (2) In model construction and inference, we propose the Chinese-oriented 

span-based event trigger recommendation model SpETR (Span-based Event Trigger Recommender). 

This classifies the text span as the minimal processing unit directly (such models are referred to as 

“span models” hereafter), avoiding cumbersome decoding processes and improving recall rates. It 

achieves event trigger identification and classification through a two-stage process. We design a 

candidate recommendation algorithm, integrating the confidence levels from two stages and 

considering multiple events, recommend candidate triggers and their event types for each potential 

event, further ensuring high recall rates. (3) In model training, we propose a semantic-based 

boundary smoothing method. For the spans around gold triggers, considering the overlap with the 

gold trigger, semantic integrity and part-of-speech collocation, we assign them soft labels, forming a 

smooth area around the gold triggers. Combined with the modified focal loss function, the joint 

confidence of the model output is smoother, thus further improving the recall rate. 

SpETR is integrated into the event annotation system through designing a system interface and 

optimizing the interaction mode to improve the efficiency of human–machine collaboration. Due to 

the lack of political events in the public Chinese event detection dataset, we also build a political 

event detection dataset containing nearly 1000 samples, hereinafter referred to as the “self-built 

dataset.” 

In summary, the main contributions of this study are as followes: 

1. We introduce a new task: the event trigger recommendation task for high-accuracy applications. 

By identifying potential events as much as possible and recommending candidate triggers and 

their event types, we aim to reduce the proportion of cases where auditors need to re-read text 

to detect the omissions, thereby improving the efficiency of human–machine collaborative 

detection. 

2. We construct an event trigger recommendation model, SpETR, which combines the confidence 

generated in the two stages of trigger identification and classification, and design the 

recommendation algorithm considering multiple events to output candidate triggers and event 

types. For the model training, the boundary smoothing method based on semantic integrity is 

proposed, and the spans around the hard labeled triggers are assigned soft labels according to 
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the hard labeled ones. With the modified focal loss, the confidence of the model output is 

smoother and the quality of candidate results is improved. 

3. The experimental results show the following: (1) The recall rate of SpETR with different number 

of recommendations K is significantly better than other baseline models. When K = 3, it can well 

meet the requirements of high recall rate and does not cause an excessive burden. At this time, 

the recall rate on the DuEE and self-built datasets reaches 97.76% and 98.70%, respectively, 

which is 4.30% and 5.22% higher compared with the optimal baseline model. (2) Ten testers were 

invited to conduct human–machine collaboration detection on the “competition” and “politics” 

domain. Compared with the traditional model, the average time consumption of SpETR 

decreased by 30.6% and 25.8%, respectively, and the average F1 score of the annotated results 

increased by 5.35% and 3.48%, respectively. 

2. Related Work 

The research fields related to this study include event detection, span models, and human–

machine collaborative information extraction. This section briefly describes the current relevant work 

in these fields. 

2.1. Event Detection 

Deep learning-based event detection methods use neural networks to extract deep semantic 

features. The emergence of pre-trained language models such as BERT [2] turns the event detection 

method into the “pre-training + fine-tuning” paradigm, which further improves the model 

performance. Existing methods can be broadly divided into three categories: span-based 

classification, sequence labeling, and pointer network. 

2.1.1. Span-Based Classification 

This method directly classifies the text spans to determine the type of events; some limit the span 

length to 1 and then degenerate into word-level classification (character-level for Chinese). The 

DMCNN model was proposed by Chen et al. [8]. To extract the semantic features of each word using 

a convolutional neural network and a dynamic multi-pooling layer, Wang et al. [4,9] used enhanced 

word representation with event-type prompts. Guan et al. [7] used trigger theory element interaction 

information to better predict triggers; He et al.[10] utilized graph convolutional networks to learn 

directed graph relationships between entities and to get node embeddings, thereby enhancing the 

word representations. Liu et al. [11] and Wei et al. [12] studied incremental learning scenarios; 

Guzman-Nateras et al. [13] and Yue et al. [14] studied small-sample scenarios; and Liu et al. [15] 

studied the sample partial annotation scenario. The above studies modeled the decoding process as 

a word-level classification. Xu et al. [5] took span as the minimum processing unit of the event 

detection task, using the trigger–argument interaction attention-enhanced span, showing excellent 

performance in the event detection task. Liu et al. [16] in an incremental learning scenario used a soft 

prompt into the span to improve the event detection task performance. Zhang et al. [17], on the basis 

of a proposed HAet framework, modeled the decoding process as span classification. 

2.1.2. Sequence Labeling 

This method designs the annotation scheme to annotate the text sequence to detect the triggers. 

Nguyen et al. [18] proposed the JRNN model, using two recurrent neural networks to learn sentence 

representation and make better use of global information. Using the conditional random field as the 

decoding layer, Wei et al. [19] enhanced the sentence semantic representation using the design 

dialogue, and all of them used the B-I-O sequence annotation strategy to identify event triggers. 

Zheng et al. [20] extended the B-I-O label scheme to accommodate more complex scenarios. However, 

they are all plagued by the problem of label ambiguity. Tian et al. [21] used a joint model based on 

the bidirectional long short-term memory network to detect events in the financial field dataset, and 

proposed a new sequence annotation scheme that helps to solve the multi-event problem. Cao et al. 

[22] designed a word pair annotation scheme in the OneEE model with the event extraction task as 
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the recognition of word pair relationships and used this label to jointly decode event triggers and 

arguments. Li et al. [6] combined sequence annotation with the text generation and attempted to 

inject external knowledge through prompts.  

2.1.3. Pointer Networks 

Such methods can solve the overlapping and nesting problems by indicating the text spans 

through a network composed of one or more sets of head-and-tail pointers. Yang et al. [23] proposed 

the PLMEE model, which designed a multi-layer pointer network to determine the start and end 

positions of different types of event triggers. Du et al. [24], Chen et al. [25], and Li et al. [26] modeled 

the event detection task as a question-and-answer task, and used a set of head-and-tail pointers to 

locate the triggers. Later, many models based on machine reading comprehension (MRC) followed 

this method. 

2.1.4. Others 

And some methods model event detection as sentence-level classification tasks. Wan et al. [27] 

captured the overall semantics of a sentence with a bidirectional attention mechanism without 

detecting the specific location of the trigger word. Yan et al. [28] Utilized the external knowledge 

graph to build a type hierarchy to enhance the semantic representation of event types, and divided 

the input text into word-level and context-level representations with different levels of features. They 

only determine the type of event that exists without detecting the corresponding trigger word, which 

does not support downstream tasks well. 

In summary, all the above methods aim for the highest possible F1 score. However, due to the 

widespread occurrence of complex language phenomena such as multiple events, multiple trigger 

referring to the same event and son on, the F1 score typically peaks around 85% across different 

datasets, with recall rates also being relatively low and difficult to improve significantly. 

Additionally, these methods often perform worse on open-domain corpus in practical applications, 

failing to meet the needs of human-machine collaborative detection in high-accuracy applications. 

2.2. Span Model 

In recent years, the span model has been shown to effectively solve the problems of span nesting 

and overlap due to its intuitive modeling method, and has attracted increasing attention in 

information extraction, especially in the task of named entity recognition. 

Dixit and Al-Onaizan [29] modeled all possible spans for the named entity recognition and 

relationship extraction tasks, and Sohrab and Miwa [30] built representations and classified spans 

using a shared underlying long short-term memory network to solve the entity nesting problem. Due 

to the presence of a large number of irrelevant spans, these methods have high computational costs, 

and Eberts et al. [31] filtered out a large number of negative samples based on the span representation 

and rule. Zhu et al. [32] proposed the DSpERT framework that uses low-level span representations 

as queries, from bottom to general word-level representations aggregated into keys and values to 

enhance the representation of long spans. Shen et al. [33] targeted the serious positive and negative 

case imbalance and hard boundary problems caused by the traditional hard label labeling mode, and 

balanced the positive and negative cases and alleviated the hard boundary through constructing soft 

positive cases. Zhu et al. [3] proposed a regularization technique for span boundary smoothing, 

which assigned the hard label value equally to the surrounding spans and made the model output 

smoother. Peng et al. [34] reassigned the span confidence according to the Gaussian distribution, and 

dynamically focused on the semantics around the span, rather than the whole sequence, in the span 

representation learning. Zheng et al. [35] used contrast learning to enhance interactions and contrast 

relationships between adjacent spans. 

Some recent studies have tried to solve the problem of positive and negative sample imbalance 

and hard boundaries in the span model by constructing soft positive examples and boundary 

smoothing, and have achieved certain results. However, most of these methods only consider the 
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positional relationship between the spans and the original label, ignoring information such as the 

semantic integrity and part-of-speech collocation of the spans, and fail to fully model them combined 

with the task characteristics. 

2.3. Human–Machine Collaborative Information Extraction 

Event detection is a sub-task in the field of information extraction, and many studies in other 

information extraction tasks also adopt the method of human–machine collaboration. 

Kristjansson et al. [36] developed a system for automatically filling in structured contact 

information, using a constrained conditional random field to propose a mechanism to estimate the 

confidence of each field, and integrated the results into a human–computer interaction interface to 

make manual filling more intuitive and faster. Dalvi et al. [37] proposed an interactive knowledge 

extraction tool, which can provide a high-quality template for target relationship extraction through 

fast and interactive guidance. The creation of a relationship table can be much faster than when using 

the pure manual mode, and is more accurate and reliable than when using the fully automatic mode. 

Pafilis et al. [38] developed an interactive extraction tool, EXTRACT, to help administrators more 

effectively identify named entities such as environmental descriptors, organisms, tissues, and 

diseases in the text of the medical environment domain. Blankemeier et al. [39] proposed the KRISS-

Search method for the medical text naming entity task. In the span recommendation module, manual 

feedback was divided into three categories, completely correct, partially overlapping and completely 

non-overlapping, and the model was improved by collecting manual feedback. Duan et al. [40] 

proposed an interactive event detection model based on machine reading comprehension, using the 

predictive confidence of head-to-tail pointers and event type classifiers to output candidate 

candidates for manual screening to improve human–machine collaboration efficiency. In [41], in the 

task of automatic entity extraction from the Chinese ancient language corpus, the authors used a 

multi-label automatic aggregation module to integrate the annotation results of different annotation 

personnel, and integrated the three functional modules of automatic marking, manual marking, and 

annotation query into the annotation interface, in order to improve the efficiency of human–machine 

collaborative annotation. Wei et al. [42] built a human–machine collaborative information extraction 

toolkit assisted by a large language model, and implemented pre-annotation based on model 

prediction. 

At present, the research on human–machine collaborative information extraction mainly focuses 

on annotation tools and system design, and there are few studies on the extraction model itself; 

almost all of these are for named entity identification and relationship extraction; except for our 

previous study [40] of this research group, there is little research on event detection tasks. However, 

[40] only put forward the idea of a recommendation task and did not provide an accurate task 

definition. Moreover, the corresponding method is limited by the head-to-end pointer decoding 

mechanism, such that the quality of the recommended candidate results is not high enough, and the 

recall rate still has room for improvement. 

3. Task Definition 

The event trigger recommendation task is oriented to the “machine detection—manual audit 

correction” human–machine collaborative event detection mode, requiring the machine to identify 

as many potential events as possible, and recommending the candidate triggers and their event types 

for each event. 

3.1. Formulation 

Given a text sequence 𝑋 = {𝑥1, 𝑥2, . . . , 𝑥𝑙}  composed of 𝑙  words (characters for Chinese). 

Assuming that there are 𝐶 event types of interest and 𝑋 contains 𝑀 events of interest, the task is 

recommending 𝐾 candidate triggers and event types for each event. This can be described as the 

following transformation 𝑓: 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 14 September 2024 doi:10.20944/preprints202409.1129.v1

https://doi.org/10.20944/preprints202409.1129.v1


 6 

 

𝑓: 𝑋 
𝐸𝑇𝑅
→    {(𝑠, 𝑐)𝑚

𝑘 }
𝑚=1,…,𝑀′
𝑘=1,…,𝐾  (1) 

Specifically, we output an 𝑀′ × 𝐾 combinations of span and its event type , denoted as (𝑠, 𝑐), 

where 𝑀′ denotes the number of predicted events, 𝑠 = {𝑥𝑠𝑡 , . . . , 𝑥𝑒𝑑} is a span of 𝑋, briefly recorded 

as 𝑠 = (𝑠𝑡, 𝑒𝑑), and 𝑐 ∈ {1,… , 𝐶} denotes the event type 𝑠 belongs to. Further, let the output set 

{(𝑠, 𝑐)𝑚
𝑘 }

𝑚=1,…,𝑀′
𝑘=1,…,𝐾  be 𝑌, Equation (1) can be simplified as follows: 

𝑓: 𝑋 
𝐸𝑇𝑅
→   𝑌 (2) 

3.2. Characteristics 

Based on practical application experience and manual annotation logic, the recommendation 

task of event triggers has the following features: 

• In the ideal case, (1) 𝑀′ = 𝑀 ; (2) 𝐾 = 1 ; (3) all spans’ boundaries in 𝑌  are correct; (4) 

corresponding event types c are also correct. The judgment of (3) and (4) requires the gold 

triggers and their event types, which are generated by manual prior annotation. At this time, the 

recall and precision are 100%. 

• Taking a step back, a high recall rate can be obtained as long as the combination of the real 

trigger and its type (𝑠, 𝑐) exists in the machine output set 𝑌, and the auditor can directly select 

the real result from 𝑌. 

• Taking another step back, from the perspective of saving the auditor’s time in checking the 

omissions, the overall efficiency of the human–machine collaborative detection should be 

improved, as long as each gold trigger has a span 𝑠 overlapping or even close to it in 𝑌. It can 

help the auditor to quickly locate events and save time. 

• Generally speaking, increasing 𝐾  helps to improve the recall rate, but too large a 𝐾  will 

produce too many candidate results requiring manual audit, which will reduce the efficiency. 

3.3. Connection and Distinction 

It is worth noting that when 𝐾 is set to 1, the event trigger recommendation task degenerates 

into a traditional event detection task. The difference between them is that traditional event detection 

task is designed for scenarios where the machine performs event detection independently, outputting 

only one trigger for each predicted event and aiming for a high F1 score. In contrast, recommendation 

task is designed for human-machine collaborative detection, recommending candidate triggers for 

each predicted event and aiming for a high recall rate. Therefore, targeted improvements and 

optimizations need to be made at both the model training and inference levels to meet the 

requirements of the recommendation task. 

4. Methodology 

The overall structure and recommendation flow of the SpETR model are illustrated in Figure 1. 

First, in the trigger identification stage, spans are initially filtered using combined rules. After 

constructing span representations, a binary classifier is used to generate trigger confidence, and by 

setting a threshold, candidate triggers set is obtained. Next, in the trigger classification stage, a mult-

classifier generates event type confidence. Finally, the joint confidence is assessed by considering 

confidences from two stages, and the candidate recommendation algorithm considering multiple 

events is designed to recommend candidate triggers and event types for potential events. 
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Figure 1. The structure of SpETR. Where each square represents a span, red represents trigger 

confidence, blue represents event type confidence, and green represents two-stage joint confidence. 

4.1. Trigger Identification 

At this stage, spans are quickly filtered based on combined rules after text input to reduce 

computational load. A pretrained model is used to construct span representations, which are then 

input to the binary classifier to obtain the trigger confidence. Finally, by setting a threshold, the 

candidate triggers set is derived. 

4.1.1. Combined Rules Filtering 

The traditional span model enumerates all spans in the text sequence 𝑋 for classification, which 

will not only have a large computational burden but also cause a serious imbalance between positive 

and negative cases. In order to improve the efficiency of model training and inference, we use the 

combined rules to filter the spans and obtain filtered spans set 𝑆 = {𝑠1, … , 𝑠𝑖 , … , 𝑠𝑁1} , where 𝑁1 

denotes the number of spans obtained, 𝑠𝑖 = (𝑠𝑡𝑖 , 𝑒𝑑𝑖) denotes the i-th span, and 𝑠𝑡𝑖 and 𝑒𝑑𝑖 denote 

the start and end positions of 𝑠𝑖 in 𝑋, respectively. 

Specifically, through the statistical analysis of public event detection datasets and the self-built 

dataset, the following applies with respect to the combined rules of span length and punctuation: 

when the span length is less than the predefined maximum length limit 𝐿 and the span does not 

contain punctuation, such as “，。！？” (Chinese punctuation), it may be a trigger. 

4.1.2. Span Representation 

The text sequence 𝑋 is input into the pre-trained model to obtain the text representation 𝐻 =

{ℎ1, ℎ2, . . . , ℎ𝑙} containing the contextual semantics, where ℎ𝑡 ∈ ℝ
𝑑 denotes the representation of the 

t-th character and 𝑑 denotes the dimension. For span 𝑠𝑖 = (𝑠𝑡𝑖 , 𝑒𝑑𝑖), concatenate the representation 

of its start and end character, and length embedding ℎ𝑖
𝑙𝑒𝑛𝑔𝑡ℎ

∈ ℝ𝑑𝑤 to obtain its span representation 

ℎ𝑖
𝑠𝑝𝑎𝑛: 

ℎ𝑖
𝑠𝑝𝑎𝑛

= [ℎ𝑠𝑡𝑖; ℎ𝑒𝑑𝑖; ℎ𝑖
𝑙𝑒𝑛𝑔𝑡ℎ

], (3) 

where 𝑑𝑤 denotes the dimension of the length embedding and [;] denotes a concatenation operation. 

4.1.3. Binary Classification 
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The representation ℎ𝑖
𝑠𝑝𝑎𝑛 of 𝑠𝑖 is input into a binary classifier 𝑀𝐿𝑃1 composed of a multi-layer 

perceptron and sigmoid activation function. The confidence 𝑝𝑖
𝑡𝑟𝑖𝑔𝑔𝑒𝑟

 of 𝑠𝑖  playing the candidate 

trigger is calculated and output: 

𝑝𝑖
𝑡𝑟𝑖𝑔𝑔𝑒𝑟

= 𝑆𝑖𝑔𝑚𝑜𝑖𝑑(𝑀𝐿𝑃1(ℎ𝑖
𝑠𝑝𝑎𝑛

)) (4) 

When 𝑝𝑖
𝑡𝑟𝑖𝑔𝑔𝑒𝑟

 is greater than the trigger identification threshold 𝛼 , 𝑠𝑖  is considered a 

candidate trigger. This produces the candidate triggers set 𝑆′ = {𝑠1
′ , … , 𝑠𝑖

′, … , 𝑠𝑁2
′ } involved in the next 

stage trigger classification, and 𝑁2 is the number of candidate triggers. 

4.2. Trigger Classification 

After identifying the span corresponding to the candidate trigger, it is also necessary to judge its 

event type. For the candidate triggers set 𝑆′ obtained above, their confidence vectors belonging to 

each predefined event types are output via a multiclass classifier. 

Specifically, the representation ℎ𝑖
′𝑠𝑝𝑎𝑛  of the candidate trigger 𝑠𝑖

′  is input into a multiclass 

classifier composed of multi-layer perceptron 𝑀𝐿𝑃2 and a softmax activation function to obtain the 

event type confidence vector 𝒑𝑖
𝑒𝑣𝑒𝑛𝑡_𝑡𝑦𝑝𝑒

∈ ℝ𝑛+1, following Equation (5): 

𝒑𝑖
𝑒𝑣𝑒𝑛𝑡_𝑡𝑦𝑝𝑒

= 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑀𝐿𝑃2(ℎ𝑖
′𝑠𝑝𝑎𝑛)), (5) 

where 𝑛 denotes the number of predefined event types and “+ 1” is to include the case where the 

candidate trigger does not belong to any predefined class, thus filtering out unreasonable triggers or 

non-concerned events. 

4.3. Candidate Recommendation 

The joint confidence vector 𝒑𝑖
𝑗𝑜𝑖𝑛𝑡

∈ ℝ𝑛+1 is calculated based on the two-stage output of trigger 

identification and classification, 

𝒑𝑖
𝑗𝑜𝑖𝑛𝑡

= 2(𝒑𝑖
𝑡𝑟𝑖𝑔𝑔𝑒𝑟

∘ 𝒑𝑖
𝑒𝑣𝑒𝑛𝑡_𝑡𝑦𝑝𝑒

)/(𝒑𝑖
𝑡𝑟𝑖𝑔𝑔𝑒𝑟

+ 𝒑𝑖
𝑒𝑣𝑒𝑛𝑡_𝑡𝑦𝑝𝑒

), (6) 

where 𝒑𝑖
𝑡𝑟𝑖𝑔𝑔𝑒𝑟

∈ ℝ𝑛+1 is the vector extended by 𝑝𝑖
𝑡𝑟𝑖𝑔𝑔𝑒𝑟

, and “∘” and “/”, respectively, denote the 

multiplication and division of the corresponding position elements of the vector. 

Let the confidence tuple corresponding to 𝑠𝑖
′ be 𝒑𝑖: 

𝒑𝑖 = (𝑝𝑖
𝑡𝑟𝑖𝑔𝑔𝑒𝑟

, 𝒑𝑖
𝑒𝑣𝑒𝑛𝑡_𝑡𝑦𝑝𝑒

, 𝒑𝑖
𝑗𝑜𝑖𝑛𝑡

). (7) 

We design a candidate trigger recommendation algorithm considering multiple events to 

recommend candidate triggers and their event types for potential events. First, judge the potential 

events in the input text according to the trigger confidence 𝑝𝑖
𝑡𝑟𝑖𝑔𝑔𝑒𝑟

 and spatial distribution, and then 

recommend 𝐾 candidate triggers and event types for the event according to the joint confidence 

𝑝𝑖,𝑗
𝑗𝑜𝑖𝑛𝑡

, as shown in Algorithm 1. 

Algorithm 1. Candidate recommendation algorithm considering multiple events 

 Input: candidate trigger set 𝑆′ = {𝑠1
′ , … , 𝑠𝑖

′, … , 𝑠𝑁2
′ },  

candidate trigger confidence tuple set 𝑃 = {𝒑1, … , 𝒑𝑖 , … . , 𝒑𝑁2}, 

where 𝒑𝑖 = (𝑝𝑖
𝑡𝑟𝑖𝑔𝑔𝑒𝑟

, 𝒑𝑖
𝑒𝑣𝑒𝑛𝑡_𝑡𝑦𝑝𝑒

, 𝒑𝑖
𝑗𝑜𝑖𝑛𝑡

) 

Output: candidate triggers and event type for all potential events 𝑌 

1. 𝑌 ← {}   # Initialize the model output 

2. Arrange the 𝑆′ in descending order according to trigger confidence 𝑝𝑖
𝑡𝑟𝑖𝑔𝑔𝑒𝑟

 

3. 𝑄 ← {}   # The set of candidate triggers representing potential events 

4. for 𝑠𝑖
′ in 𝑆′ do 

5.   if 𝑠𝑖
′ does not overlap with any 𝑞𝑗 ∈ 𝑄 do 

6.     𝑄 ← 𝑄 ∪ {𝑠𝑖
′} 

7.   end if 
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8. end for 

9. for 𝑞𝑗 in 𝑄 do 

10.     𝐼 ← {}   # Candidate triggers and their confidence tuple for one potential event 

11.   for 𝑠𝑖
′ in 𝑆′ do 

12.     if 𝑠𝑖
′ overlaps with 𝑞𝑗 do 

13.       𝐼 ← 𝐼 ∪ {(𝑠𝑖
′, 𝒑𝑖)} 

14.     end if 

15.   end for 

16. 𝑌 ← 𝑌 ∪ {𝑇𝑜𝑝𝐾(𝐼, 𝑝𝑖,𝑗
𝑗𝑜𝑖𝑛𝑡

)}   # For each potential event, the maximum K joint confidences 

are found, and their corresponding tuples, like (candidate trigger, event type, joint 

confidence), are output as recommendations 

17. end for 

4.4. Model Training 

SpETR recommends candidate triggers according to confidence to improve recall rate. However, 

the “either 1 or 0” traditional hard label produces an obvious distinction between adjacent spans, as 

shown in Figure 2a. In the trigger identification stage, only the hard label corresponding span “轻取 

(easily defeated)” and “夺冠 (securing the championship)” are considered as positive, while the 

semantically similar spans around them, such as “取  (defeated)”, “轻取独行侠  (defeated the 

Mavericks)”, “成功夺冠 (succeeding in securing the championship)” and “冠 (championship)” are 

all considered as negative, which easily leads to overfitting. This causes the output confidence to 

deviate from the real situation, which is not conducive to recommending candidates according to the 

confidence. 

We propose a semantic-based boundary smoothing method, with the help of Chinese part-of-

speech tagging toolkit pkuseg [43] to perform word segmentation and part-of-speech tagging on the 

input text. Through incorporating span integrity and part-of-speech collocation information, assigns 

soft labels are assigned to the spans around hard labels in the trigger identification stage, as shown 

in Figure 2b. In the classification stage, event type labels are assigned based on these soft labels. 

  
(a) (b) 

Figure 2. Instances of different label assignment methods. (a) Traditional hard label. (b) Semantic-

based boundary smoothing. 

4.4.1. Semantic-Based Boundary Smoothing 

Let 𝑡𝑖 be the trigger nearest to 𝑠𝑖 and overlapping with it, and 𝑦̃𝑖 ∈ [0,1] be the soft label of 𝑠𝑖 

as trigger. In order to make the output confidence of the trigger identification stage closer to the real 
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situation, this information needs to be reflected in the soft label. However, no one knows exactly the 

“real situation,” so we model it from the perspective of trigger annotation. 

First, consider the overlap degree between 𝑠𝑖 and 𝑡𝑖. Generally, spans overlapping with 𝑡𝑖 are 

semantically close to 𝑡𝑖, which are likely to be annotated as triggers. Define the overlap score between 

𝑠𝑖 and 𝑡𝑖 as 𝑓1: 

𝑓1(𝑠𝑖 , 𝑡𝑖) =
𝑠𝑖 ∩ 𝑡𝑖
𝑠𝑖 ∪ 𝑡𝑖

 (8) 

Second, the triggers should have semantic integrity. For example, in the four spans of “成功夺

冠  (succeeding in securing the championship),” “夺冠  (securing the championship),” “成功夺 

(none),” and “功夺冠 (none),” where “none” means that Chinese span has no direct equivalent in 

English , the first two have semantic integrity and are more likely to be triggers, while the last two 

are obviously less likely to be triggers. With the help of the Chinese part-of-speech annotation toolkit 

pkuseg [43], preprocess the input text and obtain its segmentation and part-of-speech information, 

define the semantic integrity score 𝑓2 as follows: 

𝑓2(𝑠𝑖) = {
1,      𝑠𝑖 is in segmentation results

0.5, 𝑠𝑖 is not in segmentation results
 (9) 

Third, consider the part-of-speech collocation of triggers. Usually, a single word trigger is mostly 

a verb or a noun, while the word group as the trigger is mostly a “verb + auxiliary,” “preposition + 

verb,” and so on. Reasonable part-of-speech collocation can be obtained from the historical 

annotation information, so similar collocation in the dataset is reasonable; otherwise, it is regarded 

as unreasonable. The part-of-speech score 𝑓3 is calculated as follows: 

𝑓3(𝑠𝑖) = {
1,       the part of speech of 𝑠𝑖 is reasonable
0.5,   the part of speech of 𝑠𝑖 is not reasonable

 (10) 

Considering the above three aspects, the soft label 𝑦̃𝑖 of 𝑠𝑖 as the trigger is calculated as follows: 

𝑦̃𝑖 = 𝑓1(𝑠𝑖 , 𝑡𝑖) ∙ 𝑓2(𝑠𝑖) ∙ 𝑓3(𝑠𝑖), (11) 

4.4.2. Loss Function 

In order to help the model better learn the information contained in the soft label, the weight-

adaptive focal loss is used to measure the training loss of the trigger identification stage. For the 

filtered span set 𝑆 = {𝑠1, … , 𝑠𝑖 , … , 𝑠𝑁1}, according to the soft label 𝑦̃𝑖 of each span 𝑠𝑖, and then 𝐿𝑡𝑟𝑖𝑔𝑔𝑒𝑟 

is calculated as follows: 

𝑤𝑖 = {
𝑦̃𝑖 , 𝑦̃𝑖 ≥ 𝛼

1 − 𝑦̃𝑖 , 𝑦̃𝑖 < 𝛼
, (12) 

𝐿𝑡𝑟𝑖𝑔𝑔𝑒𝑟 =∑𝟏[𝑦̃𝑖≥𝛼]𝑤𝑖(1 − 𝑝𝑖
𝑡𝑟𝑖𝑔𝑔𝑒𝑟

)
𝛾
𝑙𝑜𝑔 𝑝𝑖

𝑡𝑟𝑖𝑔𝑔𝑒𝑟
+ 𝟏[𝑦̃𝑖<𝛼]𝑤𝑖𝑝𝑖

𝑡𝑟𝑖𝑔𝑔𝑒𝑟𝛾
𝑙𝑜𝑔(1 − 𝑝𝑖

𝑡𝑟𝑖𝑔𝑔𝑒𝑟
)

𝑁1

𝑖

, (13) 

where 𝟏[⋅] is the indicative function, taking 1 when satisfying the condition in parentheses and 0 

otherwise. 

In the trigger classification stage, for the candidate trigger set 𝑆′ = {𝑠1
′ , … , 𝑠𝑖

′, … , 𝑠𝑁2
′ }, use multi-

classification cross-entropy as the loss function 𝐿𝑒𝑣𝑒𝑛𝑡_𝑡𝑦𝑝𝑒: 

𝐿𝑒𝑣𝑒𝑛𝑡_𝑡𝑦𝑝𝑒 =∑𝐶𝐸(𝑦𝑖
𝑒𝑣𝑒𝑛𝑡_𝑡𝑦𝑝𝑒

, 𝑝𝑖
𝑒𝑣𝑒𝑛𝑡_𝑡𝑦𝑝𝑒

)

𝑁2

𝑖

, (14) 

where 𝐶𝐸(·) is the multi-classification cross-entropy function, 𝑦𝑖
𝑒𝑣𝑒𝑛𝑡_𝑡𝑦𝑝𝑒

∈ ℝ𝑛+1 is the event type 

one-hot label of the candidate trigger si
′, 1 at the subordinate event type and 0 at the rest. In particular, 

when the 𝑠𝑖
′  soft label 𝑦̃𝑖 > 𝛼 , 𝑠𝑖

′  is considered to have the same event type as 𝑡𝑖 , otherwise 

considered as the “other” class. 
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The trigger identification and classification are weighted by 𝜆1 and 𝜆2, respectively, and the 

joint loss 𝐿𝑗𝑜𝑖𝑛𝑡 is calculated as follows to train the model: 

𝐿𝑗𝑜𝑖𝑛𝑡 = 𝜆1𝐿𝑡𝑟𝑖𝑔𝑔𝑒𝑟 + 𝜆2𝐿𝑒𝑣𝑒𝑛𝑡_𝑡𝑦𝑝𝑒 (15) 

5. Experiments 

5.1. Experimental Setup 

We conducted five experiments or analyses comprising the following: (1) comparative 

experiment; (2) ablation study; (3) case study; (4) parameter analysis; (5) human–machine 

collaborative detection experiment. 

Experiment (1) demonstrates the superiority of SpETR and its effectiveness compared to the 

baseline model. Experiment (2) analyzes the role of each component of the model by removing them. 

Study (3) visually illustrates the advantages of the model by providing case studies. Analysis (4) 

explores the sensitivity of the main parameters and their impacts. Experiment (5) involves inviting 

testers to perform event annotations to verify the improvements that SpETR brings to human–

machine collaborative detection. 

5.1.1. Datasets 

To verify the model performance of SpETR, experiments were performed on the DuEE dataset 

[44] and a self-built dataset. The former is the largest Chinese event detection dataset at present, 

which is jointly built by Baidu, the China Computer Society, the Chinese Information Society, and 

data resource developers from universities and enterprises. DuEE defines 9 categories and 65 

subcategories of events. The training set contains 12,000 sentence-level samples and the test set 

contains 1498 samples. Many of the texts in the dataset are from Baidu Information. Compared with 

traditional news and information, they have a higher freedom of expression, cover a wider range of 

knowledge and cause more difficulties. 

Due to the lack of political event types in the DuEE dataset, which is not enough to support the 

training and validating of the model in the political field, we constructed a Chinese event detection 

dataset in the political field according to the standard of DuEE, hereinafter referred to as the self-built 

dataset. Specifically, a politically related body of data was taken from the Xinhua News Agency, 

Phoenix News, and Sina News Website. After cleaning and sentence pretreatment, relying on the 

event annotation system, we built nine events including meeting, speech, and deployment, creating 

a self-built dataset including nearly 1000 sentence-level samples. Similarly to the division of DuEE, 

we randomly selected 80% for the training set and used the remaining 20% as the valid and test set. 

The statistics of both datasets are shown in Table 1. 

Table 1. Statistics of DuEE and self-built datasets. 

Datasets Domain Event Type  Statistic Specification Training Set 
Valid & Test 

Set 

DuEE 9 65 
Sentences 11,958 1498 

Events 13,915 1790 

Self-built 1 9 
Sentences 767 182 

Events 939 230 

5.1.2. Baselines 

In order to verify the effectiveness and advancement of SpETR in the event trigger 

recommendation task, the recommendation model [40] based on machine reading comprehension 

(MRC-based) was first selected as the baseline model. There is no other published trigger 

recommendation model or method. Therefore, recent span models with soft positive examples and 
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boundary smoothing ideas were also selected to transform them into trigger recommendation models 

for comparison. 

• MRC-based [40]. Prepend a description of the event type to the text as a query, determine the 

position of a trigger using head and tail pointers, then identify its event type. Based on the trigger 

and event type confidence to recommend candidate results. 

• Locate and Label [33] (LL). Using the two-stage method of determining the span position and 

then conducting multiclass classification, the soft positive case is constructed according to the 

degree of overlap between the span and the positive case, and the model is trained with focal 

loss. As the model is oriented to the named entity recognition task, for fair comparison in the 

event trigger recommendation task, the same implementation as SpETR is adopted on the span 

presentation. 

• Boundary Smooth [3] (BS). Using the one-stage method of directly classifying the type of spans, 

the proposed boundary smoothing method constructs soft labels by evenly assigning the 

confidence of hard labels equally to the surrounding spans.  As the model is oriented to the 

named entity recognition task, for fair comparison in the event trigger recommendation task, the 

same implementation as SpETR is adopted on the span presentation. 

• Boundary Smooth* [3] (BS*). Similar to BS, except the span representation adopts the double 

affine structure proposed in their paper. To ensure consistency and fairness in the comparison 

experiments, LL, BS, and BS* used the same recommendation algorithm as SpETR. 

5.1.3. Implementation Details 

Both SpETR and the baseline models used the RoBERTa pre-trained model as the encoder to 

acquiring the text sequence. During the training process, the AdamW optimizer was used to train the 

model. In order to make the model training more stable, the learning rate warm-up and attenuation 

strategy were also adopted. The experimental environment configuration is shown in Table 2, and 

the relevant parameter settings and implications of SpETR are shown in Table 3. 

Table 2. Experimental environment. 

Item Configuration 

Operating system Ubuntu 20.04.3 LTS x86_64 

CPU 40 vCPU Intel(R) Xeon(R) Platinum 8457C 

GPU L20 (48 GB) * 2 

Memory 200 GB 

Python 3.8.10 

Framework Pytorch (1.10.0) + Transformers (4.38.2) + Cuda (12.4) 

Table 3. Parameter setting. 

Parameter Description 
Value 

DuEE Self-Built 

Main parameters 

dropout_rate dropout rate of pre-trained model 0.1 0.45 

𝛼  trigger identification threshold 0.2 0.2 

𝛾  
focusing parameter of modified focal 

loss 
2 2 

𝐿  limit of span length 10 6 

Optimizer parameters 

learning_rate initial learning rate 1 × 10−5 1 × 10−5 

warm_up_steps warm-up steps 500 500 

lr_decay_steps decay steps 3000 3000 

min_lr_rate minimum learning rate 1 × 10−6 1 × 10−6 
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5.1.4. Evaluation Metrics 

The strict matching standard was adopted; that is, a result is considered correct only if both the 

boundary of the trigger and the event type are all correct. 𝑅𝑒𝑐𝑎𝑙𝑙@𝐾 on the test set was used to 

evaluate the model, where 𝐾 denotes the number of candidates. 

𝑅𝑒𝑐𝑎𝑙𝑙@𝐾 =
𝑟𝑒𝑐𝑎𝑙𝑙_𝑛@𝐾

𝑔𝑜𝑙𝑑_𝑛
, (16) 

where 𝑔𝑜𝑙𝑑_𝑛 denotes the total number of correct results and 𝑟𝑒𝑐𝑎𝑙𝑙_𝑛@𝐾 denotes the number 

of recalled correct results when 𝐾 candidates are recommended. 

For the human–machine collaborative detection experiment in Section 5.6, the F1 score was 

used to comprehensively evaluate the quality of the manual annotated results; this is calculated 

as follows. 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑟𝑒𝑐𝑎𝑙𝑙_𝑛

𝑔𝑜𝑙𝑑_𝑛
, (17) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑟𝑒𝑐𝑎𝑙𝑙_𝑛

𝑝𝑟𝑒𝑑_𝑛
, (18) 

𝐹1 = 2
𝑅𝑒𝑐𝑎𝑙𝑙 ∗ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

𝑅𝑒𝑐𝑎𝑙𝑙 + 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
, (19) 

where 𝑟𝑒𝑐𝑎𝑙𝑙_𝑛 denotes the number of correct results in the manual annotation results and 

𝑝𝑟𝑒𝑑_𝑛 denotes the total number of annotation results. 

5.2. Comparative Experiment 

𝑅𝑒𝑐𝑎𝑙𝑙@𝐾 for SpETR and the baseline models with the number of recommendations 𝐾 ranging 

from 1 to 5 on the DuEE and self-built datasets is shown in Table 4. The best performances are 

highlighted in bold and the second-best are underlined. 

Table 4. 𝑅𝑒𝑐𝑎𝑙𝑙@𝐾 of different models on the two datasets. 

Model 
DuEE Self-Built 

K = 1 K = 2 K = 3 K = 4 K = 5 K = 1 K = 2 K = 3 K = 4 K = 5 

SpETR 92.23 96.59 97.76 97.93 97.98 92.17 96.96 98.70 98.70 99.13 

MRC-based 85.47 90.28 92.46 93.80 94.47 82.61 86.09 86.96 87.39 87.83 

LL 87.87 90.39 91.95 93.63 94.13 89.57 90.87 93.48 93.91 93.91 

BS 91.62 92.68 93.46 94.24 94.41 86.09 87.93 90.00 90.44 90.87 

BS* 91.56 92.57 93.46 94.19 94.52 84.78 89.13 90.87 90.87 91.30 

The results indicate the following: 

• The recall of SpETR significantly reduces at 𝐾 > 3. Through error analysis, it was found that, at 

this point, the vast majority of correct results have already been recalled. The small portion of 

results that are not recalled consists of ambiguous cases or errors due to incorrect annotations in 

the dataset. Even with an increased number of recommendations, it is difficult to improve the 

recall rate further. Excessive recommendations may also cause interference for the auditors. 

Therefore, in practical applications, 𝐾 = 3 is typically the most efficient. 

• SpETR has a significant advantage in recall rate. SpETR shows a clear advantage in recall rate 

over the other baseline models on both the DuEE dataset and the self-built dataset. When 𝐾 =

3, it improves by 5.30% and 11.74% compared to the MRC-based models. 

• SpETR meets the high recall rate requirements. When the number of recommendations is set to 

3, the recall rates on the DuEE and self-built datasets reach 97.76% and 98.70%, respectively. 

Given the presence of annotation errors in the datasets, this indicates that auditors can, in most 

cases, directly select the correct results from the recommendations without re-reading the text 

and manually annotating. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 14 September 2024 doi:10.20944/preprints202409.1129.v1

https://doi.org/10.20944/preprints202409.1129.v1


 14 

 

In addition, all span models performed better than the MRC-based ones, indicating that the 

models based on direct span classification are better than those based on pointer network in terms of 

recall rate. In the DuEE dataset, the one-stage BS performs better, while the two-stage LL performs 

better on the self-built dataset. This is because the two-stage model can use all class training samples 

to update the classifier during the trigger identification stage, making it relatively advantageous in 

low-resource scenarios. 

5.3. Ablation Study 

To further investigate the specific effects of the two-stage design, semantic boundary smoothing, 

and the modified focal loss on SpETR, ablation experiments were conducted. The detailed results are 

shown in Table 5. 

Table 5. 𝑅𝑒𝑐𝑎𝑙𝑙@𝐾 of SpETR on the two datasets in the ablation study. 

Model 
DuEE Self-Built 

K = 1 K = 2 K = 3 K = 4 K = 5 K = 1 K = 2 K = 3 K = 4 K = 5 

SpETR 92.23 96.59 97.76 97.93 97.98 92.17 96.95 98.69 98.69 99.13 

w/o two-stage design 85.58 87.54 87.87 88.04 88.10 83.04 84.34 85.21 85.21 85.65 

w/o semantic-based boundary 

smoothing 
89.77 91.84 92.29 93.18 93.46 90.00 92.17 93.47 94.34 95.21 

w/o modified focal loss 87.87 91.56 92.51 92.90 93.12 85.21 92.17 92.60 93.04 93.04 

w/o semantic-based boundary 

smoothing and modified focal 

loss 

88.60 91.40 91.68 91.73 91.73 84.34 90.00 90.86 91.30 92.17 

• Ablation of the two-stage design. When this part is removed, trigger identification and event 

classification are completed in one stage. This is simple and direct, but cannot reflect the trigger 

boundary and event type information in the confidence degree of the multi-classifier output. 

The results show that 𝑅𝑒𝑐𝑎𝑙𝑙@3 decreased by 9.89% and 13.48% on DuEE and the self-built 

dataset, respectively, indicating that the two-stage design of trigger identification and then 

trigger classification produced higher-quality candidate results. 

• Ablation of semantic-based boundary smoothing methods. When this part is removed, 

traditional hard labels are used for training in the trigger identification stage; the model is prone 

to overfitting, which reduces the reliability of the output confidence. The results showed that, 

after removing the semantic-based boundary smoothing method, 𝑅𝑒𝑐𝑎𝑙𝑙@3 decreased by 4.75% 

and 5.22% on DuEE and the self-built dataset, respectively, indicating that the semantic-based 

boundary smoothing method can improve the candidate result quality and recall through a more 

refined soft label assignment method. 

• Ablation of the modified focal loss function. When this part is removed, the ordinary binary 

cross-entropy function is adopted in the trigger identification stage during the model training. 

The results showed that 𝑅𝑒𝑐𝑎𝑙𝑙@3 decreased by 5.25% and 6.09% in DuEE and the self-built 

dataset, respectively, indicating that the modified focal loss can adjust the sample weight 

adaptively to alleviate the imbalance of positive and negative cases in the span model, while the 

common binary cross-entropy loss function does not have this characteristic, so it is easy to bias 

the negative cases, leading to reducing the recall rate. 

• Simultaneous ablation of semantic-based boundary smoothing and modified focal loss. When 

these two parts are removed, the traditional hard label labeling method and binary cross-

entropy loss are used in the trigger identification stage during the model training. The results 

showed that 𝑅𝑒𝑐𝑎𝑙𝑙@3 decreased by 6.08% and 7.83% on the DuEE and self-built datasets, 

respectively. This was higher than when removing either of them alone, indicating that the two 

parts cooperate and promote each other. 

5.4. Case Study 
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In the experiment described in Section 5.3, where both semantic boundary smoothing and 

modified focal loss are ablated, a text from the self-built dataset, “据土媒体报道，一套 S-400 将部署

在首都安卡拉附近… (According to local media reports, a set of S-400 will be deployed near the capital 

Ankara…)”, is used as a case study. The confidence of the trigger output by SpETR trained with 

traditional hard labels and cross-entropy loss is shown in Figure 3a. It is evident that the model 

exhibits overconfidence—showing high confidence for “部署 (deployed)” but very low confidence 

for surrounding semantically similar spans. This significant miscalibration of confidence is 

detrimental to models that rely on confidence to recommend candidates. 

The visualization of trigger confidence output by complete SpETR is shown in Figure 3b. It can 

be seen that the confidence for “部署 (deployed)” as a trigger remains the highest, while surrounding 

spans such as “部署在 (none),” “将部署 (will be deployed),” “署 (none),” and “部署在首都 (none),” 

also had certain confidence due to their semantic similarity. The output of the model was smoother 

and more aligned with the actual situation, which helps in recommending higher-quality candidates 

based on confidence degrees. 

  

(a) (b) 

Figure 3. Trigger confidences of SpETR under different training methods. (a) Traditional hard label. 

(b) Semantic-based boundary smoothing. Where “none” means that Chinese span has no direct 

equivalent in English 

5.5. Parameter Analysis 

A sensitivity analysis of the four main parameters, drop_out_rate, 𝛼, 𝛾, and 𝐿, are performed 

to verify their effect on SpETR. Using single-parameter sensitivity analysis, according to the specific 

parameter setting in Section 5.1.3, one parameter was changed and fixed at a time, and the 

recommended number of results 𝐾 was 3. The results are shown in Figure 4. The specific analyses 

are as follows: 

• Dropout rate of the pre-trained model (dropout_rate). This parameter represents the dropout 

rate of the output representation of the pre-trained model, which helps to avoid overfitting 

during model training. When the parameters change in the range of [0.00, 0.45], the recall rate in 

the DuEE dataset and self-built dataset varies little, and the overall range is relatively flat, 

indicating that the model has good robustness to this parameter, which is due to the simple and 

efficient model structure of SpETR. 

• Trigger identification threshold (𝛼). In trigger identification stage, spans with confidence greater 

than the parameter 𝛼 are regarded as candidate triggers and are involved in the subsequent 

inference and training, which has a great impact on the recall rate. When 𝛼 increases, it means 
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that the requirement for triggers becomes “strict” and the recall rate will decrease in the DuEE 

and self-built datasets, the former trend is flat, indicating that the correct trigger confidence is 

less and evenly distributed within [0.05–0.5]; the latter decreases more and there are two 

abnormal points, 0.15 and 0.40, which may be due to the instability caused by the small amount 

of dataset. These show that the model can still show a good recall rate with increasing 𝛼 when 

the training data is sufficient while, in the low-resource scenario, the recall rate will decrease 

relatively faster. 

• The coefficient for the modified focal loss ( 𝛾 ). This adjusts the loss weight for difficult 

classification samples, with more ambiguous samples receiving a higher loss. As 𝛾 increases, 

the adjustment for difficult samples becomes stronger, causing the model to focus more on hard-

to-recognize triggers, thereby increasing the recall rate. The results from the two datasets show 

that 𝛾 is generally positively correlated with the model’s recall rate. However, an excessively 

large 𝛾  does not significantly improve the recall rate and may actually reduce precision, 

impacting the audit efficiency in practical applications. 

• The limit of span length (𝐿). This defines the maximum length of spans considered during 

training and inference. When 𝐿 is set to 4, the model shows a noticeable increase in recall rate 

across both datasets, indicating that most triggers are shorter than 4. Increasing 𝐿  further 

continues to improve the recall rate up to a point; however, it begins to decline when 𝐿 exceeds 

10 on the DuEE dataset and 6 on the self-built dataset. This is because, while a larger L recalls 

longer spans, it also introduces more negative examples, causing the model to favor negatives 

and thereby reducing the recall rate. Thus, 𝐿 should be selected based on prior knowledge of 

trigger lengths in different domains. 

 

Figure 4. Results of parameter analysis. 

5.6. Human–Machine Collaborative Detection 

The above experiments highlight superior recall rate of SpETR. To further validate its impact on 

human–machine collaborative detection, we integrated SpETR into the event annotation system and 

invited testers for empirical analysis. 

5.6.1. Event Annotation System Integration 

To maximize SpETR’s effectiveness in practical applications, it was integrated into the our team’s 

existing event annotation system. The system interface was optimized based on the characteristics of 
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trigger recommendation task and annotators’ habits to enhance the efficiency of the human–machine 

collaborative event detection. 

As shown in Figure 5, the annotation interface consists of four main sections: 

• Text Display and Annotation: Shows the text and trigger locations, with candidate triggers 

highlighted by colored blocks indicating their joint confidence levels. Annotators can manually 

select spans and annotate triggers and event types. 

• Candidate Recommendation: Displays the model’s recommended candidate triggers and event 

types for each event, along with joint confidence levels for reference. Annotators confirm 

recommendations by clicking, with the first candidate automatically annotated to save time. 

• Annotation Confirmation: Structurally displays annotated triggers and event types for easy 

verification by annotators. 

• Annotated Text List: Shows the annotation status of each sample, allowing for quick navigation 

to specific samples and monitoring overall annotation progress. 

 

Figure 5. Event annotation system interface. 

5.6.2. Empirical Results 

To verify the improvement effect of SpETR on the efficiency of human–machine collaborative 

detection, we used the event annotation system to compare the time consumption and result quality 

of human–machine collaborative detection under three conditions: (1) full manual annotation, (2) 

traditional model, and (3) SpETR. The specific meanings of these conditions are presented in Table 6. 

Table 6. Annotation conditions. 

Annotation Condition Description 

Full manual The tester completed the event detection task independently. 

Traditional model 

The traditional event detection model was used to output triggers and 

event types for automatic annotation, with testers adjusting and 

manually correcting errors and omissions. 
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SpETR 

SpETR was used to recommend candidate triggers and event types, 

and automatically annotate the first candidate. Testers prioritized 

selecting from candidate triggers to address errors and omissions. 

Ten graduate students were invited as testers. They received a standardized training, including 

the introduction to the event detection task, system usage, and annotation standards. Each tester was 

assigned to annotate 40 randomly selected samples from both the DuEE competition dataset and self-

built dataset under the three different annotation conditions. The annotation time was recorded and 

the final annotation results’ F1 scores were calculated. 

Figure 6 shows the time taken and result quality under different annotation conditions. It is 

evident that both the traditional event detection model and SpETR significantly reduced the 

annotation time and improved the quality compared to full manual annotation. Due to its high recall 

rate, SpETR allows testers to focus on the model’s recommended candidates, often eliminating the 

need to re-read the entire text. This results in further reduction in annotation time compared to the 

traditional event detection model, with average time reductions of 30.6% and 25.8% on the DuEE 

competition dataset and self-built dataset, respectively. Additionally, the recommended candidates 

provide hints to testers, especially those without event annotation experience, helping them quickly 

identify potential events in the text, leading to F1 score improvements of 5.35% and 3.48%, 

respectively. 

 

Figure 6. Time taken and quality of annotation under different conditions. 

6. Conclusions 
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Applications such as judicial event detection and political event monitoring demand extremely 

high precision of the event detection results, requiring a “machine detection—human audit and 

correction” collaborative mode. However, traditional models are constrained by their task modeling, 

leading to insufficient recall rates and requiring extensive manual audit to identify and correct 

omissions. To address this, we first introduced the event trigger recommendation task to 

fundamentally improve recall rates. Furthermore, we developed the SpETR for event trigger 

recommendation, treating spans as the smallest processing unit and employing a two-stage approach 

of trigger identification and classification. The model incorporates a multi-event candidate trigger 

recommendation algorithm to output candidate results. Additionally, a semantic-based boundary 

smoothing method is proposed which, combined with a modified focal loss function during the 

trigger identification stage, helps train the model to produce smoother confidence and recommend 

higher quality candidates. Moreover, the model is integrated into the event annotation system, 

optimizing the system’s interface and interaction methods to leverage the advantages of the SpETR 

recommendation model in practical applications. 

Experiments demonstrated that the two-stage design, semantic-based boundary smoothing, and 

modified focal loss effectively enhance the recall rate of the SpETR. With three recommended 

candidates, recall rates reached 97.76% and 98.70% on the DuEE and self-built datasets, respectively; 

meaning that, in most cases, correct results can be selected directly from the candidates without re-

reading the text. The human–machine collaborative detection experiments indicate that the SpETR 

not only significantly saves time but also improves the annotation quality. 

The limitations of our work include the following: (1) The event trigger recommendation task 

focuses on the recall rate. However, when the precision falls below a certain level, it can affect the 

efficiency of human–machine collaboration detection. At present, there is no suitable metric for 

evaluating this impact, and it can only be measured through annotation experiments. (2) The joint 

confidence output by SpETR is not comparable between samples, lacking a global reference standard 

for auditors. Future work should aim to achieve the following: (1) Design an evaluation metric 

specifically for trigger recommendation tasks to reflect the model’s impact on human–machine 

collaboration efficiency; and (2) improve the confidence calculation method to provide a unified 

reference standard for auditors. 

In addition, the human–machine collaboration mode is expected to persist across various fields 

and tasks for a considerable period into the future. This study investigated aspects such as task 

definition, model construction, and training within the scope of human–machine collaborative event 

detection. Theoretical research on human cognitive processes and underlying logic in the context of 

human–machine collaboration is crucial for guiding these aspects, and will be a key focus for future 

exploration and research. 
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