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Abstract: Document-level event argument extraction (DEAE) aims to identify the arguments cor-
responding to the roles of a given event type in a document. However, arguments scattering and
arguments and roles overlapping make DEAE face great challenges. In this paper, we propose a novel
DEAE model called Role Knowledge Prompting for Document-Level Event Argument Extraction
(RKDE), which enhances the interaction between templates and roles through a role knowledge
guidance mechanism to precisely prompt pretrained language models (PLMs) for argument ex-
traction. Specifically, it not only facilitates PLMs to understand deep semantics but also generates
all the arguments simultaneously. The experimental results show that our model achieved decent
performance on two public DEAE datasets, with 3.2% and 1.4% F1 improvement on Arg-C, and to
some extent, it addressed the overlapping arguments and roles.
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1. Introduction

Event extraction is an extremely challenging information extraction task [1–3] that
extracts events and corresponding arguments from a text. It provides effective structured
information for knowledge graph construction [4], recommendation systems [5,6], etc.
Event extraction is usually divided into two subtasks: event detection, which identifies an
event’s trigger words, and event argument extraction (EAE), which identifies the event
arguments corresponding to a given trigger word and their roles. As in Figure 1a, given
the trigger word “annihilate” with the event type “conflict.attack.n/a.”, the EAE model can
extract roles such as “attacker”, “target”, and “place” from sentence S1, and the arguments
are “Russian air forces”, “ISIS oil tankers”, and “Aleppo province”. In Figure 1b, the trigger
word is “airstrike”, and the arguments “target”, “attacker”, and “instrument” are scattered in
sentences S2, S3, and S4 (called argument scattering). In particular, the same argument may
play different roles in the event (called argument overlapping). For example, “Yemen” is
both the target and place. Meanwhile, there are also cases where the same role corresponds
to multiple arguments (called role overlapping). For example, there are other places
aside from “Yemen”. Arguments scattering and arguments and roles overlapping make
document-level EAE (DEAE) more challenging than sentence-level EAE (SEAE) [7].

The main EAE approach is to learn the pairwise information between the trigger
words and arguments. Some scholars use this as a classification task to directly locate
and extract trigger words and arguments in the text and then classify them. Many of
these works solve this problem by using sequence labeling techniques based on neural
networks [8–11]. However, such methods cannot effectively solve the problem of argu-
ments and roles overlapping. Other studies converted this problem into machine reading
comprehension or question-and-answer tasks [12–14], where a set question-and-answer
template allows the model to find text spans of trigger words and arguments. However,
such methods split the argument extraction into multiple tasks, where only one argument
can be extracted at a time, and eventually, multiple rounds of the question-and-answer
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task are required to be completed, with the results of the previous round being passed
to the next round, a process that lacks interaction between arguments. The generative
pretraining approach enables the model to generate all arguments simultaneously through
the learning capability of the pretrained models (PLMs) [15,16] while incorporating prompt
learning to stimulate the potential of the PLMs better. However, the lack of interaction
between the prompt template and the roles leads to the templates not providing accurate
prompting well.

Figure 1. Illustrations of SEAE and DEAE. (a) An example of SEAE, where event arguments are
extracted from a sentence. (b) An example of DEAE, where there are arguments scattering and
overlapping. The trigger words are marked in red bold text, and the arguments are marked in blue
italicized text with underlining.

Inspired by the fact that humans need prior domain knowledge to understand text, it
is observed that role knowledge plays a pivotal role in understanding contextual semantics.
As in the example in Figure 1b, in sentence S, “Scud-type Borkan-1 (Volcano-1) missile” is
a certain type of missile, and if the meaning of the role “instrument” is known to be a
tool, which refers to the tool used in an air strike event, then it is predicted simply that
“Scud-type Borkan-1 (Volcano-1) missile” is an argument for the instrument in an air strike
event. Similarly, as a city, “Yemen” is very likely to perform the role of the target or place.
Therefore, it can be considered that role knowledge is the bridge between textual semantics
and arguments.

Can we utilize role knowledge to guide prompting for sufficiently precise elicitation
of PLMs and simultaneously extract all the arguments in events? On this basis, we propose
a novel approach called role knowledge prompting for document-level event argument
extraction (RKDE), which leverages role knowledge to guide templates for the precise
prompting of PLMs. First, the DEAE task is modeled as a slot padding task that extracts all
the arguments simultaneously, setting one slot for each argument to solve the argument
scattering problem. Then, the prompt-tuning paradigm is introduced to identify the argu-
ments by stimulating the ability of PLMs to address the arguments and roles overlapping
problem. On the one hand, two sub-prompts, role definition and event description, are
designed, where role definition aims to prompt the model in which information of the text
should be focused and event description aims to provide a narrative description of the
role in the event to help the model understand the semantics better. On the other hand,
role knowledge is used to guide the template for prompting. Role concept knowledge and
role interaction knowledge are incorporated into the template. They can help the model
cope with arguments and roles overlapping by guiding the mechanism for template and
role interaction. Finally, all the arguments are generated simultaneously by the text span
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querier with a BART encoder-decoder model. The experimental results show that our
model outperforms previous methods.

Our major contributions are summarized as follows:

(1) We propose a role knowledge-prompting model for DEAE capable of extracting all
arguments by slot span filling, activating PLMs’ potential with a prompt-tuning
paradigm to guide the template precisely.

(2) We designed a role knowledge-prompting model to enhance the representation of
roles through the interaction of the text, template, and role knowledge, which helps to
better capture the deep semantic relationships. This gives our model a good ability to
cope with arguments and roles overlapping.

(3) The experimental results show that our method achieves the state of the art on two
document-level benchmark datasets—RAMS and WIKIEVENTS—with a 3.2% and
1.4% F1 improvement in argument classification, respectively.

2. Related Work

Document-level event argument extraction. DEAE is an extremely challenging subtask
of event extraction. DEAE can be traced back to the role-filling task from MUC conferences [17],
which requires retrieval of the scenario-specific participating entities and attribute values.
The TAC Knowledge Base Population slot filling challenge (https://tac.nist.gov/2017/KBP/
index.html, accessed on 13 November 2017) is similar to this task. Traditional event extraction
methods [18–22] rely on hand-crafted features and patterns. With the ongoing development
of neural networks, further extracted event arguments were based on the distributional
features [8,9,23–25]. Recently, zero-shot learning [26], multi-modal integration [27], and
weakly supervised [28] methods have been adopted to improve event extraction.

EAE methods can be grouped into three categories. The first is the approach that
perceives the context globally from the documents and classifies it by obtaining semantic
representations at different granularities (word granularity, sentence granularity, and docu-
ment granularity) [23,29–31]. Liu et al. used the local features of the arguments to assist in
role classification [18]. Chen et al. proposed a dynamic multi-pooling convolutional neural
network model [8]. With the development of deep learning, event extraction is a sequence
labeling task [31–34], but these methods pale in comparison to an arbitrary location and
deep semantic relations and cannot solve argument overlapping well. The second is to
capture the unique features of a document using graph convolutional networks (GCNs)
by modeling graph models such as syntactic semantic graphs, event connectivity graphs,
and heterogeneous graphs to capture the interaction of arguments. The DBRNN enhanced
the representation by bridging associated words on syntactic dependency trees [24]. Xu
et al. constructed heterogeneous graphs of sentences and entity mentions to strengthen
the interaction between sentences and entity mentions [35]. The third is to transform event
extraction into tasks such as reading comprehension and multi-round question-and-answer
tasks [36,37], formulating the roles as questions described in natural language and extract-
ing the arguments by answering these questions in context. This makes better use of the
a priori information of the roles’ categories, but such methods require setting multiple
relevant questions, and the model can only answer one question at a time.

As the generative pretrained models become more powerful, such as T5 [38] and
BART [39], they show extraordinary text generation capabilities, and recently, several
extraction jobs have been converted to be completed as generative tasks [40]. Li et al.
tackled DEAE with an end-to-end neural network model for conditional text generation [16].
Text2Event put forth a sequence-to-structure generation paradigm that could extract events
directly from text in an end-to-end manner [15]. In contrast to these approaches, our
approach emphasizes the interaction between the arguments and can generate all the
arguments simultaneously.

Prompt tuning. Different from the “pretraining + fine-tuning” paradigm, prompt
learning involves adapting downstream tasks to PLMs, which can be regarded as a re-
trieval method for knowledge already stored in PLMs and has been widely used for text
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classification [41], relation extraction [42], event extraction [43,44], and entity classifica-
tion [45]. Researchers have made efforts to determine how to design prompt templates.
Automatic searching of discrete prompts [46], gradient-guided searches [47], and continu-
ous prompts including P-tuning [48] and prefix-tuning [49] were successively proposed.
Recently, some studies have tried to integrate external knowledge into the prompt design.
Tsinghua University proposed PTR [42], which implants logic rules into prompt tuning,
and KPT [50], which extends label mapping through external knowledge graphs, achieving
large performance gains in task scenarios. However, previous works [51,52] have shown
that not all external knowledge can bring gains, and unselective implantation of external
knowledge can sometimes introduce noise. Unlike these approaches, we add role-specific
knowledge to guide the template for more precise prompting, compensating for the lack of
role knowledge in the PLMs for EAE.

3. Methodology

RKDE considers role knowledge, joining templates to prompt PLMs for the simulta-
neous extraction of document-level event arguments. The model framework is shown in
Figure 2. It consists of four stages: template design, role knowledge guidance, text span
query, and argument generation. In this section, we will first introduce the DEAE problem
definition and then describe each component of the model in turn.

Figure 2. The overall framework of our RKDE model. Given a document, RKDE first creates an
EAE prompt template based on known event types ( 1© includes two parts: role definition and event
description). This process uses role knowledge guidance ( 2©) to facilitate more precise prompting of
the template by using role concept knowledge and interaction knowledge. Then, the document and
the prompt template will be fed into the BART encoder and the BART decoder, respectively ( 3©), and
the text span querier is used to find the argument span. Finally, the BART decoder is exploited for
prediction ( 4©) to generate the arguments corresponding to the roles.

3.1. Problem Definition

For modeling event argument extraction as a text generation task, given a document D,
the event type is e, the event trigger word is t ⊆ D, and the argument role r ∈ Role(e). For
example, in the document in Figure 1, the event type e is “conflict.attack.airstrikemissilestrike”,
and the event trigger word t is “airstrike”, where the argument role is denoted as

Role(e) = {attacker, target, instrument, place} (1)

Our task is to extract a series of spans A for a given (X, t, e, Role(e)) ∈ D such that each
role corresponds to an argument argr ∈ A.

3.2. Template Design for DEAE

The purpose of the prompt template is to further motivate the PLMs to understand the
contextual semantics. For the DEAE task, the prompt template’s goal is to make the model
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understand the description of events and the argument roles to motivate it to generate the
correct arguments. Therefore, the designed prompt template contains two parts, namely
role definition and event description, which are formalized as

TEAE = [Trolede f ; Teventdes] (2)

where Trolede f denotes role definition, Teventdes denotes event description, and TEAE is the
splicing of the two parts.

Role definition. The template should contain all roles for the event, so the role definition
for the corresponding events that are already defined in the dataset is part of the template. This
suggests which role information the model should be focused on. As shown in Figure 2, the
role definition defines four roles associated with the event conflict.attack.airstrikemissilestrike:

Trolede f : con f lict.attack.airstrikemissilestrike.attacker;

con f lict.attack.airstrikemissilestrike.target;

con f lict.attack.airstrikemissilestrike.instrument;

con f lict.attack.airstrikemissilestrike.place

(3)

Event description. Inspired by narrative writing and comprehension, we find that
event descriptions such as “who did what, when, and where” are helpful for understanding
the details of the event. Thus, Role(e) was sorted into the event description text as the other
part of the template. In Figure 2, the event description is designed as follows:

Teventdes : attacker attacked target using instrument at place (4)

The role position (underlined part) is set to a slot. To solve the role overlapping
problem (i.e., the same role corresponds to more than one argument), multiple slots were
set for the same role (i.e., a target matches with two slots):

Teventdes : attacker attacked target (target) using instrument at place (5)

3.3. Role Knowledge Guidance

The template specifies the concrete roles corresponding to the given events, along
with the narrative descriptions. The model can initially determine which roles should be
extracted from the text according to the prompts, but it does not understand the deeper
meanings or the interactions between the roles. Therefore, to maximize the role of the
template as a deeper and more accurate prompt, we designed a role knowledge guid-
ance mechanism.

For role knowledge acquisition, a knowledge graph with a large variety of common
knowledge, entity knowledge, and semantic relations is undoubtedly the best choice for
external knowledge. ConceptNet [53] is a knowledge graph with rich concepts and semantic
relations, containing 21 million edges, more than 8 million nodes, and 34 core relations. We
retrieved the role knowledge contained in the event description Teventdes in ConceptNet,
which is mainly divided into two types: one is role concept knowledge, obtained from four
semantic relations (IsA, HasProperty, HasA, and PartOf ), and the other is role interaction
knowledge or role relationship knowledge, obtained from six semantic relations (CapableOf,
Causes, CauseDesire, UsedFor, Desires, and HasPrerequisite).

Specifically, we first matched the tokens of the roles in the nodes of ConceptNet and
retrieved the semantic relations and associated nodes related to these tokens. For example,
the concept knowledge of “attacker”, namely “attacker IsA wrongdoer”, was retrieved.
Regarding the role guidance mechanism, external knowledge injection can introduce noise
and thus affect the understanding of the semantics of the original text. To solve this problem,
inspired by Ye et al. [54], we propose a role guidance mechanism that uses role knowledge
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to guide the templates for more precise prompting on the premise of reducing the influence
of irrelevant knowledge, as shown in Figure 3.

Figure 3. Role knowledge guidance mechanism. Interaction between original text, templates, and
roles, where X indicates visible and × indicates invisible.

To instruct the template for better comprehension of the roles, a role knowledge guid-
ance mechanism was designed for the interaction between the original text, the template,
and role knowledge. Specifically, the role knowledge is visible to the template, the text and
the template are visible to each other, and the role is visible internally. For the purpose of
interaction between the template and the role knowledge, the template is visible to the role,
but the role and the original text are invisible to each other. The attention mask matrix is
defined as

Mij =



0, wi, wj ∈ xD ⊕ xTEAE

0, wi, wj ∈ xRole

0, wi ∈ xRole, wj ∈ xTEAE

0, wi ∈ xTEAE , wj ∈ xRole

−∞, otherwise

(6)

where wi and wj denote any two tokens in the input sequence, 0 denotes that there is
attention from tokens wi to wj, −∞ denotes that there is no attention from wi to wj, D
denotes the original text, TEAE denotes the template, and Role denotes the role knowledge.
Role knowledge is a more complete and detailed description of the roles, which can
contribute to the model’s better understanding of the in-depth semantics of the text. It can
influence and guide the template, and the potential relationships between roles can assist
in solving the argument overlapping problem.

3.4. Argument Generation

Given the context X and the template TEAE, for each role in TEAE corresponding to a
slot i, the model queries the text spans through a text span querier to generate the relevant
event arguments.

3.4.1. Text Span Querier

Given the input text X = (x1, x2, . . . , xtrigger, . . . , xn), we add the special token
< t > and < /t > before and after xtrigger. The input text for the BART-Encoder is
X′ = (x1, x2, . . . ,< t >, xtrigger,< /t >, . . . , xn). The template TEAE is fed to the BART-
Decoder. The hidden layer features after the encoder and decoder are represented as follows:

H(X) = Encoder(X′) (7)

H(TEAE) = Decoder(H(X); TEAE) (8)
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where H(X) denotes the contextual representation of a document after encoding and
H(TEAE) denotes the representation of the EAE template of the document, with the text
interacting with the template in the hidden layer of the decoder. Our goal was to obtain
the range of the span corresponding to the slot of each role r. For any slot of role rq, the
role feature H(rq) is obtained by H(TEAE) average pooling, and the range of the span was
selected by the text span querier. The start and end of the span are indicated by start(rq)
and end(rq), respectively, and thus

start(rq) = H(rq) · wstart (9)

end(rq) = H(rq) · wend (10)

where wstart and wend are learnable parameters shared by all roles and “·” denotes element-
wise multiplication, while textspani = [start(rq), end(rq)] is the qth slot querier in the
template TEAE. Regardless of whether the roles overlap, the text span querier can generate
the argument for each slot, which can solve the previously mentioned role overlapping
problem. At the same time, in this manner, the interaction between the text and the template
through the cross-attention layer in the BART-Decoder enhances the prompting effect of
the template on the text, improves the understanding of the deep semantics of the text, and
realizes the information transfer between different roles.

3.4.2. Argument Generation

Based on the obtained contextual representation H(X) and the textspanq for each role,
the relevant argument span (sq, eq) is to be extracted from H(X). If textspanq is associated
with an argument in H(X), then argq = X′[i : j], where i, j denotes the word subscript
corresponding to the argument and the predicted output is (sq, eq) = (i, j). If textspanq is
not associated with any argument in H(X), then the predicted output is (sq, eq) = (0, 0),
which represents no argument corresponding to the role. Therefore, the set of candidate
argument spans is

A =
{
(i, j)|(i, j) ∈ L2, 0 < (j− i) < m

}
∪ {0, 0} (11)

where L denotes the context length and m denotes the length threshold between the end
and the beginning of the span (set to 10 in this paper). We calculated the probability
distribution of each token being selected as the start or end of the argument span, using
softmax as the activation function:

tstart
q = start(rq)H(X) (12)

tend
q = end(rq)H(X) (13)

pstart
q = so f tmax(tstart

q ) (14)

pend
q = so f tmax(tend

q ) (15)

We define the loss function as

Lq(X) = ∑
x∈D

∑
q
−(log pstart

q (sq) + log pend
q (eq)) (16)

In the inference stage, all candidate spans are enumerated and scored with the scor-
ing function

Scoreq(i, j) = tstart
q (i) + tend

q (j) (17)



Appl. Sci. 2023, 13, 3041 8 of 16

Finally, according to the scoring function, the model predicts the span of the role rq
corresponding to the slot

(sq, eq) = argmax(i,j)∈AScoreq(i, j) (18)

4. Experiments

Our experiment aimed to verify (1) whether the prompting template-based generative
model is effective for EAE and (2) whether role knowledge plays an effective role in guiding
the template for more accurate prompting.

4.1. Datasets and Evaluation Metrics

Datasets. Our proposed method will be evaluated on two widely DEAE datasets:
RAMS [7] and WIKIEVENTS [16]. RAMS is a document-level dataset annotated with 139
event types, 3194 documents, and 65 roles, and WIKIEVENTS is another document-level
dataset whose documents were collected from English Wikipedia articles that describe
real-world events, and then the corresponding links were followed to crawl related news
articles. WIKIEVENTS provides 246 documents with 50 event types and 59 roles. We
divided the datasets into a training set, validation set, and test set. The detailed division of
the datasets is shown in Table 1.

Table 1. Datasets statistics. “Train” denotes training set, “Dev” denotes development set or validation
set, and “Test” denotes test set.

Datasets RAMS WIKIEVENTS

Sentences: Train 7329 5262
Sentences: Dev 924 378
Sentences: Test 871 492

Arguments: Train 17,026 4552
Arguments: Dev 2188 428
Arguments: Test 2023 566

Evaluation Metrics. As in a previous work [16,55], we adopted two evaluation met-
rics: (1) the argument identification (Arg-I) F1 score, which evaluates whether the event
arguments are detected or not by checking whether the generated arguments match the
event type and roles, and (2) the argument classification (Arg-C) F1 score, which determines
whether the event arguments are classified into the correct roles. For WIKIEVENTS, we
added the head classification (Head-C) F1 score, which only cares about the first word
matched to the argument but not all words.

4.2. Experimental Settings

In the implementations, we set all event types to be known, and only the event
arguments were identified and classified. We chose the generative PLM BART-base as the
encoder and decoder. We fed the documents to the BART-Encoder and the prompts to the
BART-Decoder. Noting that the document length sometimes exceeded the encoder limit, a
word window size centered on the trigger word was set as the input document selection.
We trained the models with 5 fixed seeds (13, 21, 42, 88, and 100). The batch size was set to
4, with 2 × 10−5 as the learning rate with the Adam optimizer. The max span length was
set to 10, and the window size was set to 250. The encoder’s maximum sequence length
was set to 500, and the decoder’s maximum sequence length was set to 100.

4.3. Baselines

We compared our model with the state-of-the-art (SOTA) models for DEAE:

• SpanSel [7], a span ranking-based model, enumerates all possible spans in a document
to identify event arguments.
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• DocMRC [12] is an approach that models EAE as a machine reading comprehension
(MRC) task, using BERT as a PLM.

• DocMRC(IDA) [12], which uses an implicit data augmentation approach for EAE, is
an enhanced version of DocMRC.

• BERT-QA [13] is an approach that translates EAE into a QA task, using BERT as a PLM.
• BART-Gen [16] is an approach for generating the event arguments by sequence-to-

sequence modeling and prompt learning, using the BART-large generative model as
a PLM.

The implementation details of all baselines are as follows:

• SpanSel [7]: We report the results from the original paper.
• DocMRC [12]: We report the results from the original paper.
• DocMRC(IDA) [12]: We report the results from the original paper.
• BERT-QA [13]: We used their code (https://github.com/xinyadu/eeqa, accessed

on 26 October 2020) to test its performance. We set the question template as “What
is the ROLE in TRIGGER WORD?”, following the second template setting in the
original paper.

• BART-Gen [16]: For the BART-base model, we used their code (https://github.com/
raspberryice/gen-arg, accessed on 13 April 2021) to test its performance. For the
BART-large model, we report the results from the original paper.

4.4. Main Results and Analysis

Table 2 shows the performance of our approach and all benchmark models on the
RAMS and WIKIEVENTS datasets.

Table 2. Main results on RAMS and WIKIEVENTS datasets (F1 score (%)).

Method RAMS WIKIEVENTS
Arg-I Arg-C Arg-I Arg-C Head-C

SpanSel [7] - 40.7 - 38.3 -
DocMRC [12] - 44.3 - 42.1 -
DocMRC(IDA) [12] - 45.7 - 43.3 -
BERT-QA [13] 46.4 44.0 54.3 53.2 56.9
BART-Gen (BART-Base) [16] 50.9 44.9 47.5 41.7 44.2
BART-Gen (BART-Large) [16] 51.2 47.1 66.8 62.4 65.4
RKDE (ours) 55.1 50.3 69.1 63.8 66.8

Main Results. Overall, our proposed RKDE framework outperformed all the other
methods on the test set. The performance of our proposed RKDE method was the best on
both datasets, with the F1 score of Arg-C obtaining 3.2% and 1.4% improvement over the
state-of-the-art model BART-Gen (BART-Large) on the RAMS and WIKIEVENTS datasets,
respectively. We used BART-Base in the experiments. If compared with BART-Gen (BART-
Base), the performance of our method on both data sets then exceeded it even more with the
F1 score of Arg-C obtaining 5.4% and 22.1% improvement on the RAMS and WIKIEVENTS
datasets, respectively. This shows the effectiveness of our method.

Performance Analysis. Concretely, we modeled the DEAE task as a slot padding task
by extracting all arguments simultaneously, activating the PLM’s potential with a role
knowledge prompt-tuning paradigm to guide the template precisely:

(1) When comparing the approaches for the MRC and QA tasks (where MRC means ma-
chine reading comprehesion while QA means question and answer), MRC is usually
in the form of fill-in-the-blank completion for the model to determine which hidden
word is most likely, depending on the context, while the questions of QA are answered
one by one in accordance with the set question templates. For DEAE, these approaches
both use the BERT model, which is applicable to natural language understanding.
DocMRC and BERT-QA had comparable performance on the RAMS dataset, but

https://github.com/xinyadu/eeqa
https://github.com/raspberryice/gen-arg
https://github.com/raspberryice/gen-arg
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BERT-QA had a substantial improvement over DocMRC on the WIKIEVENTS dataset.
Our approach is similar to that of reading comprehension, which is carried out in the
form of span extraction and has a nearly 10 point performance improvement over
the former. We conjecture that the performance improvement mainly lies in adding
templates to the pretrained model.

(2) In comparing the approaches of generative tasks, the generative model BART-Gen
and our model both used prompt templates and had similar performances, but our
performance was a bit better. We found that role knowledge guidance plays an active
role in the templates. Unlike the prompt of BART-Gen, we designed two sub-prompts
(i.e., role definition and event description) to help the model understand the semantics
better and introduce role concept knowledge and role interaction knowledge into the
template to guide the template for more precise prompting. The results demonstrate
that role knowledge prompting for DEAE not only helps to locate the arguments
accurately, but it also can cope with arguments and roles overlapping.

4.5. Ablation Experiments

To analyze how each component in the proposed RKDE model contributed to the
performance, we conducted ablation studies to turn them off one at a time, as Table 3 shows:

(1) Without eventdes: Removing the event description from the template resulted in
a 2.1% and 5.8% decrease in the F1 score of Arg-C on the two respective datasets.
Intuitively, the description of the event arguments according to the logic of event
occurrence enhanced the semantic expressiveness of the template.

(2) Without rolekg: To verify the effectiveness of the role knowledge guidance module, we
removed the role knowledge module and used only templates for prompting. Without
the role concept knowledge to add descriptions to the roles in the template, and
without the role interaction knowledge to guide the role relationships, the performance
of the model decreased by 0.8% and 1.4% on Arg-C F1. This shows the importance of
role knowledge, and it acts as a guide for the prompt.

(3) Without prompt: To demonstrate the necessity of the prompt template module, the
entire prompt was removed, and DEAE was performed with only the original text as
input without giving any prompt to the model. This resulted in a significant decline
in performance. This illustrates that the prompt templates can stimulate the learning
ability of the PLMs and the precise prompting promotes more accurate prediction of
the model.

Table 3. Ablation experiments, with main results on RAMS and WIKIEVENTS (F1 score (%)).

Method RAMS WIKIEVENTS
Arg-I Arg-C ∇(Arg-C) Arg-I Arg-C Head-C ∇(Arg-C)

RKDE (ours) 55.1 50.3 - 69.1 63.8 66.8 -
Without
eventdes 54.6 48.2 −2.1 63.7 57.6 60.9 −5.8

Without rolekg 54.7 49.5 −0.8 68.9 62.4 65.5 −1.4
Without
prompt 54.0 47.6 −2.7 63.2 57.3 60.1 −6.5

With the ablation experiments, it was observed that all the modules contributed to the
model performance, and the role knowledge-guided templates could enhance the model’s
deep understanding of text semantics and accurately prompt the model for event argument
generation, which led to a significant effect on DEAE.

4.6. Impact of the Input Encoder Content

Our RKDE approach was to feed the document to the BART-Encoder and the prompt
to the BART-Decoder. Can the document and the prompt be stitched together and fed
directly to the encoder? We conducted experiments, as shown in Figure 4, and found that
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the performance of stitching and feeding the prompt to the encoder had little degradation
compared with the former. We considered that although the stitched text was ostensibly
interacting with the template and the document, such prompting does not work well in
longer documents to improve semantic understanding.

RAMS WIKIEVENTS
40

50

60

70
A

rg
-C

:F
1(

%
)

Input1 Input2 Input3

Figure 4. The impact of input encoder content, where Input1 indicates our method (RKDE), where
we input the document into the encoder and the prompt into the decoder. Input2 indicates that the
document and prompt were spliced into the encoder. Input3 indicates that the document was input
into the encoder while not using the prompt.

4.7. Effectiveness of Role Knowledge

To further verify the effectiveness of role knowledge for the model, we compared the
performance in terms of accuracy at different steps with and without the injecting of role
knowledge, as shown in Figure 5. It can be seen that the accuracy of the model with role
knowledge (+role) was basically higher than that of the model without role knowledge
(-role) at each step in both datasets, proving that role knowledge does indeed exert a certain
influence on the DEAE task.

4.8. Case Study

To visually demonstrate the effectiveness of each component of the role knowledge
prompting approach, we performed a case study, as shown in Table 4.

Case 1 involved four arguments. All methods could correctly extract the argument
giver, but for the roles of recipient and beneficiary, the method without a prompt could not
identify it, while using the +role method correctly identified it. Noting that there was a
problem of arguments overlapping, police was both the giver and beneficiary. The method
without a prompt could not do anything about this phenomenon. Case 2 also illustrates that
the method of using role knowledge prompting could enable the model to precisely locate
the arguments corresponding to the roles based on understanding the deep semantics. Case
3 had the phenomenon of roles overlapping, where the role participant responded to three
different arguments, and from the results, we found a strange observation: the method
without a prompt could only identify one of the arguments, and the method with role
knowledge identified two arguments without identifying the government. Meanwhile, the
method with TEAE extracted all the arguments. We analyzed the reason for this and found
that TEAE was designed as participant (and participant) communicated with participant
(and participant) about topic (and topic) at place (and place), with a corresponding slot
for each argument so that the model could extract the arguments with TEAE. However,
the added role knowledge was the participant IsA associate. The template also required
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comprehension of the associate, which confused the semantics in this case. Overall, role
knowledge still contributed to performance improvement.

1 2 3 4 5 6 7 8 9 10

30

40

50

60

70

steps(every digit×1000)

A
cc

ur
ac

y(
%

)

RAMS(+role)
RAMS(-role)

WIKIEVENTS(-role)
WIKIEVENTS(+role)

Figure 5. Effectiveness of role knowledge on model accuracy. RAMS(+role) and RAMS(-
role) denote models with and without role knowledge on dataset RAMS, respectively, and
WIKIEVENTS(+role) and WIKIEVENTS(-role) denote models with and without role knowledge
on dataset WIKIEVENTS, respectively.

Table 4. Case study. Bold black is the trigger word, and bold black with underlining is the argu-
ment. “Nop” means the model did not have a prompt. “TEAE” means using a prompt template
containing the role definition and event description, and “+role” means using a prompt with role
knowledge guidance.

No. Samples Event Type Role: Argument Nop TEAE +Role

1
According to investigators, police
seized a sum of some $120 million
and €2 million ($2.2 million).
“The final amount is unknown.
Police <t> confiscated </t> a cache
only in Zakharchenko ’s house;
it is not yet known how many more
assets he has, but we are working
in this direction, ” . . . .

Transaction.
Transaction.
Transfercontrol.

Recipient: a cache % " "

Beneficiary: Police % % "

Giver: Police " " "

Place: Zakharchenko’s house % % %

2
Merkel has faced growing criticism in
her country for allowing an unprece-
dented number of asylum seekers
(almost 1.1 million last year) to enter
Germany. In her weekly video pod-
cast Saturday, she <t> urged </t>
refugees from Iraq and Syria to integr-
ate in the country and learn German . . .

Contact.
Requestadvise.
Correspondence.

Place: Germany % " "

Recipient: refugees from Iraq
and Syria % % "

Communicator: she " " "

3
In February 1975, the Provisional Irish
Republican Army <t> agreed </t> to
a truce and ceasefire with the British
government and the Northern Ireland
Office. Seven “incident centres” were
established in Irish nationalist areas in
Northern Ireland to monitor the cease-
fire and the activity of the security forces.

Contact.
Contact.
Unspecified.

Participant: Provisional Irish
Republican Army " " "

Participant:government % " %

Participant: Northern Ireland
Office % " "
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5. Conclusions

In this paper, we proposed a novel approach: role knowledge prompting for document-
level event argument extraction (RKDE). To make full use of the PLMs’ abundant prior
knowledge and learning capability, we designed prompt templates containing role defi-
nitions and event descriptions and introduced a role knowledge guidance mechanism to
enhance the interaction between roles and templates for precise prompting of models. In
the encoding and decoding phase, a text span querier was used to locate the spans, and
eventually, all the arguments were generated simultaneously. The experimental results on
two widely used DEAE datasets show that our approach somewhat solves the challenges of
arguments and roles overlapping, and it had good performance in DEAE tasks. However,
the prompt templates were still manually constructed and relied heavily on experience. In
future work, we will consider how to automatically generate prompt templates or even
replace manually constructed hard prompts with soft prompts containing continuous em-
bedding for DEAE, and we will further deliberate about both the choice of role knowledge
and how to guide the templates more precisely.
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RKDE Role knowledge prompting for document-level event argument extraction
PLMs Pretrained language models
EE Event extraction
EAE Event argument extraction
SEAE Sentence-level event argument extraction
DEAE Document-level event argument extraction
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