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Abstract

Template-based approaches have advanced
Event Argument Extraction (EAE) by for-
mulating it as a structured prediction prob-
lem. However, existing methods mainly rely
on either fixed manually designed templates,
which suffer from template under-matching
in diverse contexts, or exhaustive enumera-
tion of template permutations, incurring pro-
hibitively high computational cost. Moreover,
they often overlook the semantic heterogene-
ity across events. To address these challenges,
we propose ATSR, an Adaptive Template
Selection and Role-Aware Routing framework
for document-level multi-event EAE, integrat-
ing an Adaptive Multi-structure Template Se-
lection (AMSTS) module and a Role-Aware
Mixture-of-Experts (RAMoE) module. Specit-
ically, AMSTS leverages a set of pre-defined
multi-structure templates for each event type
and adaptively selects the most compatible
one for each event based on learnable weights
conditioned on trigger representations. The
RAMOE operates over template-aligned slots
and routes each role to specialized experts for
event semantic modeling. Extensive exper-
iments on three benchmark datasets demon-
strate that ATSR achieves state-of-the-art per-
formance with competitive efficiency, while re-
maining effective in few-shot settings. The
source code is available at: https://github.
com/AONE-NLP/ATSR

1 Introduction

Document-level event argument extraction (EAE)
is a crucial task within Information Extrac-
tion (Hobbs and Riloff, 2010; Grishman, 2015;
Tan et al., 2024), aiming to identify event argu-
ments and assign them to predefined semantic
roles in documents containing single or multiple
events (Ma et al., 2022; He et al., 2023). As illus-
trated in Figure 1, given a trigger word “attacked”
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Trigger: Event Type:Conflict..RoleType: Attacker;Target;Instrument;place
Context: But later that day, civilians were attacked by militants with bombs,

triggering chaos in the city and drawing a rapid response from security forces...
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Figure 1: An example of the EAE and a compari-
son between Single-structure template and our Multi-
Structure template selection approach for Multi-EAE.

of event type “Conflict.Attack”, the EAE task re-
quires identifying “militants” as Attacker, “civil-
ians” as Target, “bombs” as Instrument, and “city”
as Place from the document context.

Existing EAE methods are primarily developed
under Single-EAE settings (Ma et al., 2022; Liu
et al., 2023; Zhang et al., 2024; Wan et al., 2025),
where events are processed independently. Among
them, template-based approaches achieve strong
performance but remain limited to single-event ex-
traction. Recent studies therefore explore Multi-
EAE (He et al., 2023; Liu et al., 2024), which
jointly extracts arguments for multiple events
within a document more efficiently and captures
the interactions among co-occurring events.

Despite these advances, existing Multi-EAE
methods still face two challenges.  First, as
shown in Figure 1, most Multi-EAE methods rely
on fixed single-structure templates with predeter-
mined role orderings, such as [R;][R2][R3][R4],
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which fail to capture diverse structural con-
texts and consequently lead to template under-
matching (Nguyen et al., 2023; Peng et al., 2024).
Moreover, template-based EAE models are sen-
sitive to template formulations (Lin et al., 2025),
where suboptimal role orderings can degrade per-
formance. Second, existing methods overlook the
semantic heterogeneity across events. Specifically,
events exhibit semantic heterogeneity due to dif-
ferences in interactions among argument roles and
their semantics (Li et al., 2023; He et al., 2023;
Zhang et al., 2024). Figure 1 shows that the same
argument may correspond to different roles across
events, such as “Target” and “Victim”, leading
to event overlap. Meanwhile, roles such as “At-
tacker” and “Injurer” exhibit related yet distinct
semantics across event contexts. These findings
highlight event semantic heterogeneity, limiting
the model’s ability to distinguish event semantics.

To address these challenges, we propose ATSR,
an Adaptive Template Selection and Role-Aware
Routing framework for document-level multi-
event EAE. Specifically, we design an Adap-
tive Multi-structure Template Selection (AMSTS)
module, which selects the optimal template for
each event via learnable weights conditioned on
trigger representations. We further introduce a
Role-Aware Mixture-of-Experts (RAMoE) mod-
ule that routes role slots to specialized experts for
event semantic modeling. We summarize our con-
tributions as follows:

* We propose ATSR, an adaptive template selec-
tion and role-aware routing framework for Multi-
EAE that addresses template under-matching
and event semantic heterogeneity.

* We introduce an Adaptive Multi-structure Tem-
plate Selection (AMSTS) module and a Role-
Aware Mixture-of-Experts (RAMoE) module to
improve the effectiveness and reduce inference
time for Multi-EAE.

» Extensive experiments on three benchmarks
demonstrate that ATSR achieves state-of-the-art
performance with competitive efficiency, while
remaining effective in few-shot settings.

2 Related Work

2.1 Event Argument Extraction

Existing Single-EAE methods can generally be
divided into three categories: (1) Span-based
methods, which identify candidate spans and pre-
dict their argument roles through span classifica-

tion (Zhang et al., 2020; Xu et al., 2022; Yang
et al., 2023; Liu et al., 2023; Shuang et al.,
2024). (2) Generation-based methods, which
leverage generative PLMs such as BART (Lewis
et al., 2020) or TS (Raffel et al., 2020) to sequen-
tially generate event arguments in a sequence-to-
sequence manner (Li et al., 2021; Wei et al., 2021;
Huang et al., 2023). (3) Template-based meth-
ods, which construct predefined templates for each
event and perform argument extraction in a slot-
filling manner (Ma et al., 2022; Li et al., 2023;
Zhang et al., 2024; Wan et al., 2025). However,
these methods are designed for Single-EAE set-
tings, processing each event independently.

Recently, researchers have begun exploring
Multi-EAE (Wu et al., 2022; He et al., 2023; Liu
et al., 2024), which jointly extracts arguments for
multiple events within a document. TabEAE (He
et al., 2023) constructs slotted table represen-
tations from event triggers and prompts to en-
able joint modeling of multiple events and cap-
ture event co-occurrence. To improve efficiency,
DEEIA (Liu et al., 2024) introduces a dependency-
guided encoding method to reduce redundancy in
multi-event prompts.

2.2 Mixture-of-Experts

Mixture-of-Experts (MoE) is firstly proposed to
learn a system composed of several separated mod-
ules (Jacobs et al., 1991), which has emerged as
an effective paradigm for scaling model capacity
by adaptively routing inputs to specialized sub-
networks without proportional increases in com-
putational cost (Cai et al., 2025). It has shown
strong performance across multiple domains, in-
cluding computer vision (Riquelme et al., 2021;
Chen et al., 2023) and natural language process-
ing (Artetxe et al., 2022; Xue et al., 2024) and
time-series forecasting (Shi et al., 2025; Huang
et al., 2025). In information extraction, MoE
has been explored from multiple perspectives.
MoRe (Wang et al., 2022) fuses text-retrieval and
image-retrieval predictions via MoE for multi-
modal named entity recognition (Gan et al., 2026)
and relation extraction (Gan et al., 2025). RBDEF
(Li et al., 2022) employs a dual-expert framework
for long-tail EAE by separating head and tail roles
into different experts. CL4DEE (Liao et al., 2026)
employs a MoE adapter architecture for continual
document-level event extraction, dynamically ex-
panding expert pools to preserve historical knowl-
edge. In our work, we extend MoE to multi-event
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Figure 2: Overview of ATSR. ATSR first encodes the joint context-ontology input, and then adaptively selects
suitable templates from pre-constructed multi-structure templates for each event based on trigger-aware represen-
tations. The selected template and contextual representations are fed into the decoder, followed by role-aware
mixture-of-experts to enhance event semantic modeling for final argument extraction.

argument extraction by introducing a role-aware
mixture-of-experts to address event semantic het-
erogeneity across co-occurring events.

3 Methodology

3.1 Task Definition

In this section, we provide a formal defini-

tion of the EAE task. Given an instance
(X {t }z 17{61 = 17{R el = 1) where X =
(wg, w1, ..., wg—1) denotes the context with S

words, N is the number of target events, t; C X
is the trigger word of the i-th event, e; is the type
of the i-th event, and R() is the set of argument
roles associated with e;. The task aims to extract
a set of argument-role pairs A; = {(a,r) | a C
X, re R(ei)} for each event e;, where a is a tex-
tual span serving as the argument of role . Most
previous EAE methods are designed for the single-
event setting (N=1), while we address the more
general multi-event setting where N > 1.

3.2 Ontology-guided Encoding

Following previous Multi-EAE studies (He et al.,
2023; Liu et al., 2024), we construct a uni-
fied input sequence by concatenating the trigger-
highlighted context and multiple event-specific on-
tologies, enabling the model to simultaneously
process multiple events.

Given an input context X and a set of event
triggers, we insert a pair of trigger markers
((ti), (/ti)) around each trigger mention wy, to ob-
tain the highlighted context X:

X = w0<t0>t0</t0> - <tz>tz</tz> ows—1 (1)

For the i-th event F;, we adopt an event-specific
ontology O; consisting of the argument roles as-
sociated with the corresponding event type. We
prepend each event type with a pair of type mark-
ers ({e;), (/e;)) and concatenate all event ontolo-
gies to form the global ontology sequence O:

O = <€0>E0</60>O() D---D <€Z>EZ</€Z>OZ (2)

The final input sequence is constructed as [X; O]
and fed into the encoder to obtain contextualized
hidden representations:

H, = Encoder([X; O)) 3)

3.3 Multi-structure Template Selection
3.3.1 Multi-structure Template Scheme

To better model the structural diversity of events,
we construct multiple event templates with differ-
ent argument organizations for each event type.
Given the event ontology description, each tem-
plate preserves the same argument roles while
adopting different structural arrangements through
role reordering.

Specifically, for an event type containing role
set { Ry, Ra, ..., Ry}, we construct multiple tem-
plate structures by organizing the argument roles
in different structural orders. To illustrate, con-
sider the event type “Conflict.Attack” with four ar-
gument roles: Attacker, Target, Instrument, and
Place, a canonical ontology can be expressed as:
[R1] attacked [Rs] using [Rs3] at [Ry). Alterna-
tive structural templates can then be constructed
from the same ontology, such as: Using [R3), [R1]
attacked [Rs] at [R4]. Although these templates
share the same argument set, they provide diverse
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structural organizations through different role ar-
rangements.

3.3.2 Adaptive Multi-structure Template
Selection

Given a set of candidate multi-structure templates,
our goal is to adaptively select the most suitable
template for each event based on the contextual
representation of the event trigger.

Trigger-aware Template Weighting. Suppose
an event type is associated with n candidate tem-
plates. Given the encoded contextual representa-
tion H., we use the hidden state at the trigger po-
sition as the trigger representation H, € R%. To
adaptively select a suitable template for different
event types, we apply Gumbel-Softmax to obtain
a differentiable one-hot selection vector:

7; = Gumbel-Softmax(W*™PH,)  (4)

where WP ¢ R"*d denotes the learnable tem-
plate selection matrix and 7; € {0,1}" is the
selection vector for the ¢-th event, where the in-
dex of the non-zero element indicates the selected
template. Based on T, the corresponding tem-
plate embedding T; € R'*? is obtained via the
word embedding layer, where [; is the template
sequence length. The selected template embed-
dings across all events are concatenated to form
the global template representation:

Tan = {T1; To;...; Ti} (5)
The global template 7T,;; together with the encoded
contextual representations H is then fed into the
Transformer-based decoder:

Hy = Decoder (74, He) (6)

By adaptively selecting suitable template struc-
tures for different event types, the proposed mod-
ule alleviates template under-matching and en-
ables the decoder to better model the argument
structures and dependencies among multiple co-
occurring events.

3.4 Role-Aware Mixture-of-Experts

Due to the significant semantic heterogeneity
across events, we introduce a Role-Aware Mixture-
of-Experts (RAMOoE) module for enhancing role
representations. Specifically, for the m-th role slot
Sm,; in the i-th event, its slot representation is de-
noted as h € R4

Sm,i

The RAMOoE module consists of a router G and
a set of E expert networks { f; }le. Given an in-
put slot representation hy, ,, the router computes
routing scores over all experts and activates the
top-k expert. The outputs of the selected experts
are aggregated to obtain the enhanced role slot:

k
hzmz = hsm,i + Z g(hsm,z)] :

G(h,,, ;) = TopK <Softmax (thsm’i) , k;)

fj (hsm,i)
(7

where W,. € R”*? is a learnable parameter.

3.5 Span Selection

After obtaining the final representation hy i for
each slot within each event, we follow (Ma et al.,

2022) and project it into a pair of span selectors
{(I)start end

Sm,i’ Sm,id "

(I);ta.rt. — h: ® Wstart

m,1 m,t (8)
(I)end _ h* ® end

Sm,i - Sm,i w

where w* w°d ¢ R? are learnable parameters

and ® denotes element-wise multiplication.
The span selectors predict the start and end po-
sitions of the argument span in the input text:
logity = Softmax(He CID“m) € R*
loglteml = Softmax (He @e“d .)€ RE
logity 5 (1) + logltend( )

(8mis €m,i) = arg (lmn?xc score,, i(1,n)

©)

score,, i(l,n) =

where H, € R'*? is the encoder output for a
length L input, and (S, €m,.;) is the predicted
argument span. C = {(I,n) | (I,n) € L? 0 <
n—1 <, }U{(0,0)} contains all candidate spans
whose length does not exceed the maximum span
threshold /,,,, along with the empty span (0, 0) for
slots with no corresponding argument.

Since multiple arguments may share the same
role within a single event, we follow (Carion et al.,
2020) and (Ma et al., 2022) and adopt Bipartite
Matching Loss to optimally assign golden argu-
ment spans to predicted slots during training.

N
i=1 (3,i,6m,i)E6(S;)
+1log logite™% (ém,)]

[log logit}y (8m,q)

(10)
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where NN is the number of target events, 6(S;) de-
notes the optimal assignment for the i-th event
computed via the Hungarian algorithm (Kuhn,
1955).

To avoid routing collapse in the proposed
RAMOE module, where only a subset of experts is
activated (Shazeer et al., 2017), we adopt an aux-
iliary load balancing objective from (Fedus et al.,
2022) to encourage balanced expert utilization.

|B] E

1
Loux = @ ZE ) Z bepb,j
b=1  j=1

K,y

Joj = ;b tzl 1<j € TopK(g(hfg))) (11)

1 &
_ by .
Do; = K, tzlg(ht)a

where K, denotes the number of role slots in sam-
ple b, h? denotes the representation of the t-th
role slot in sample b, and F is the number of ex-
perts. f;; and py ; denote the routing frequency
and the average routing probability of expert j, re-
spectively.

The final training objective is denoted as:

L= ['eae +A- Laux (12)

where ) is the regularization weight.

4 [Experiments

4.1 Experimental Setup

Datasets. We evaluate our method on three
widely used Event Argument Extraction (EAE)
benchmarks: RAMS (Ebner et al., 2020),
WikiEvents (Li et al., 2021), and MLEE (Pyysalo
et al., 2012). RAMS and WikiEvents are con-
structed from news articles and annotated with
document-level event structures, while MLEE
is collected from the biomedical domain. De-
tailed statistics of the datasets are reported in Ap-
pendix A.1.

Evaluation Metrics. Following prior work (Ma
et al., 2022; Liu et al., 2024), we report two eval-
uation metrics: (1) Argument Identification F1
(Arg-I), where a predicted argument is considered
correct if its span boundary exactly matches the
gold argument span; (2) Argument Classification
F1 (Arg-C), where a prediction is counted as cor-
rect only if both the span boundary and the role
type are correctly predicted. All results are aver-
aged over five runs with different random seeds.

Baselines. We compare ATSR with represen-
tative EAE models, including: (1) Single-EAE
methods: EEQA (Du and Cardie, 2020), BART-
Gen (Li et al., 2021), PAIE (Ma et al., 2022),
TASR (Xu et al., 2022), SCPRG (Liu et al.,
2023), TabEAE (He et al., 2023), AHR (Ren
et al., 2023), ERCL (He et al., 2025), EPIG-
EAE (Wan et al., 2025), GEMS (Lin et al., 2025),
and AMOCODE (He et al., 2026); (2) Multi-EAE
methods: PAIE-multi (Ma et al., 2022), TabEAE-
multi (He et al., 2023), and DEEIA (Liu et al.,
2024).

Detailed descriptions of baselines and imple-
mentation details are provided in Appendix A.2
and A.3, and additional comparison with LLM-
based methods is presented in Appendix B.1.

4.2 Main Results

Table 1 reports the performance comparison be-
tween ATSR and representative baselines on three
benchmarks. Overall, ATSR consistently achieves
the best performance across all datasets and eval-
uation metrics. We observe: (1) ATSR consis-
tently outperforms Single-EAE methods. ATSR
outperforms all Single-EAE baselines across three
benchmarks. This demonstrates that our approach
effectively captures the semantic heterogeneity of
co-occurring events in document-level argument
extraction. (2) Compared with the multi-template
baseline GEMS, ATSR improves Arg-C F1 by
4.3, 3.0, and 11.2 on RAMS, WikiEvents, and
MLEE, respectively. These results indicate that
enumerating template permutations is insufficient
for modeling diverse event structures. In contrast,
ATSR adaptively selects templates conditioned on
trigger semantics, improving argument extraction
in multi-event scenarios. (3) ATSR significantly
outperforms Multi-EAE methods.  Compared
with PAIE-multi, TabEAE-multi, and DEEIA,
ATSR achieves consistent gains across all datasets.
Specifically, compared with TabEAE-multi and
DEEIA, ATSR improves Arg-C F1 by around 1.5-
2.3 on RAMS, 2.9-3.6 on WikiEvents, and 1.2-1.6
on MLEE. The gains are larger on WikiEvents and
MLEE, likely because they contain more complex
multi-event instances and greater event semantic
heterogeneity.

4.3 Ablation Study

To verify the contribution of each component
in our model, we conduct ablation experiments
on three benchmarks: RAMS, WikiEvents, and
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Scheme Method ‘ PLM ‘ RAMS WikiEvents MLEE
\ | Arg-I  Arg-C  Arg-l  Arg-C  Argl Arg-C

EEQA (2020) BART-1 48.7 46.7 56.9 54.5 70.3 68.7
BART-Gen (2021) BART-I 51.2 48.6 66.8 62.4 71.0 69.8
PAIE (2022) BART-1 56.8 52.2 70.5 65.3 72.1 70.8
TASR (2022) RoBERTa-1 - 51.2 71.1 65.8 72.6 71.5
SCPRG (2023) RoBERTa-1 | 56.7 52.3 71.3 66.4 - -

Single-EAE TabEAE (2023) RoBERTa-1 | 57.0 52.5 70.8 65.4 71.9 71.0
AHR (2023) TS 54.6 48.8 69.6 63.4 - -
ERCL (2025) BART-1 57.4 53.1 70.9 65.5 - -
EPIG-EAE (2025) BARTl | 58.1 537 722 612 - -
GEMS (2025)* TS5 56.6 49.7 69.4 65.2 66.5 63.6
AMCODE (2026) BART-b 55.6 50.3 70.0 64.8 - -
PAIE-multi (2022) BART-1 55.9 50.9 67.2 61.7 71.3 69.5

Multi-EAE TabEAE-multi (2023)* | RoBERTa-1 | 56.3 51.7 71.0 65.3 74.7 73.6
DEEIA (2024)* RoBERTa-1 | 56.9 52.5 69.6 64.6 74.2 73.2
ATSR(ours) RoBERTa-1 | 58.6 54.0 72.7 68.2 75.9 74.8

Table 1: Comparison of EAE performance on the RAMS, WikiEvents, and MLEE test sets. Results are reported
in terms of Arg-I and Arg-C F1 scores (%). Methods marked with * are reproduced using their released code and
original experimental settings. Bold and underline denote the best and second-best results.

Methods | RAMS WikiEvents MLEE

| Arg-1 Arg-C Arg-l Arg-C ArgI Arg-C
ATSR ‘ 58.6 540 7277 682 759 748
w/o AMSTS | 554 509 710 66.1 735 728
w/o RAMOE | 57.2 522 71.1 66.7 742 73.1
W/0 Laux 56.6 51.8 712 658 743 733

ATSRand 564 516 71.1 671 742 735
ATSR rank 563 520 717 657 745 735

Table 2: Ablation study results across RAMS,
WikiEvents, and MLEE on the impact of each compo-
nent and different template selection strategies for Arg-
C. The best results are marked in bold.

MLEE. The results are summarized in Table 2.
Without Adaptive Multi-structure Template Se-
lection (AMSTS). Removing AMSTS results
in the most substantial performance degradation
across all datasets, with Arg-C drops of 3.1, 2.1,
and 2.0 points on RAMS, WikiEvents, and MLEE,
respectively. This highlights the pivotal role of
adaptive template selection in our framework. By
providing diverse and contextually appropriate
templates, AMSTS effectively guides the model
toward more accurate argument extraction.
Without  Role-Aware  Mixture-of-Experts
(RAMOE). Eliminating RAMOE leads to consis-
tent Arg-C declines of 1.8, 1.5, and 1.7 points
across the three datasets. These results demon-
strate that the RAMOE mechanism effectively
models event semantic heterogeneity across
co-occurring events, enabling more accurate

argument extraction for diverse event types.
Without Auxiliary Loss Laux. Excluding Lo
yields Arg-C drops of 3.2, 2.4, and 1.5 points on
the three datasets, respectively. This indicates that
the auxiliary load-balancing objective is essential
for preventing routing collapse and promoting bal-
anced expert utilization, thereby fostering expert
specialization across argument types and improv-
ing overall extraction performance.

Effect of Template Selection Strategy. We fur-
ther compare template selection strategies within
AMSTS. ATSR;x uses fixed ranking scores,
while ATSR;;,q randomly samples one template
per event. As shown in Table 2, both variants
underperform the full model. Notably, ATSR a0k
achieves only 65.7 Arg-C on WikiEvents, even
below the random baseline of 67.1, indicating
that static ranking is ineffective. In contrast, the
full model employs learnable weights for trigger-
aware adaptive template selection and consistently
achieves better performance across all datasets.

5 Analysis

5.1 Efficiency Analysis

Table 3 reports the inference time on three bench-
marks. Compared to PAIE, ATSR reduces infer-
ence time by 15.2% and 38.5% on RAMS and
MLEE, respectively, demonstrating the efficiency
of our Multi-EAE framework. ATSR is also more
efficient than TabEAE-multi and slightly faster
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Params | Inference Time

Method

\ RAMS MLEE
PAIE 406.21M 15.86 14.29
PAIE-multi 406.21M 12.53 8.57
TabEAE-multi  383.78M | 32.59 30.06
DEEIA 388.12M 14.47 9.26
ATSR (Ours) 392.33M 13.45 8.79

Table 3: Inference time (second) of large-scale mod-

els across two dataset test sets, measured on one same
Tesla A100 GPU.
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Figure 3: The averaged performance of the PAIE,
TabEAE, DEFEIA, and ATSR models on samples with
different event numbers in the WikiEvents dataset.

than DEEIA with comparable model size, indicat-
ing that our model achieves high inference effi-
ciency for the document-level EAE task.

5.2 Effect Analysis on Event Numbers

To evaluate ATSR’s effectiveness under increas-
ing event complexity, we group WikiEvents in-
stances by event count. As shown in Figure 3,
all models decline as event numbers increase, re-
flecting the growing difficulty of modeling densely
occurring events and distinguishing event seman-
tic interactions. Nevertheless, ATSR consistently
outperforms baselines and shows smaller perfor-
mance drops, particularly on instances with four
or more events, demonstrating its superiority in
handling event semantic heterogeneity in complex
multi-event scenarios. Results on MLEE are pro-
vided in Appendix B.3, along with additional anal-
ysis under different event settings in Appendix B.2.

5.3 Analysis on Event Semantics

To further investigate ATSR’s ability in modeling
event semantic heterogeneity, we evaluate it on
overlapping and non-overlapping multi-event sce-
narios, where overlapping events share arguments
and introduce semantic interference. As shown in
Table 4, overlapping events generally pose greater

M \ RAMS WikiEvents MLEE
odel
N-O (6] N-O O N-O O
[690] [181] [296] [69] [1464] [736]
TabEAE | 49.7 56.1 654 633 77.1 526
DEEIA | 509 569 650 627 776 51.6
ATSR 532 57.6 667 718 782 54.8

Table 4: Results (Arg-C F1) on overlapping and non-
overlapping events. Numbers in brackets denote the
number of test events. N-O: non-overlapping; O: over-

lapping.

ATSR —h- DEEIA TabEAE
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Figure 4: Arg-C F1 scores under different training data
ratios on three benchmarks.

challenges for argument extraction, particularly on
WikiEvents and MLEE where baselines show no-
table performance drops. However, ATSR con-
sistently outperforms both TabEAE and DEEIA
under both settings across all datasets. Notably,
ATSR achieves larger gains on overlapping events,
especially on WikiEvents, with over 8 F1 improve-
ment over both baselines, suggesting its capability
in handling semantic interference among overlap-
ping events. Overall, these results validate the ef-
fectiveness of ATSR in capturing event semantic
heterogeneity across co-occurring events.

5.4 Few-shot Setting

We analyze ATSR under limited annotation sce-
narios. Figure 4 reports its few-shot performance
on RAMS, WikiEvents, and MLEE across differ-
ent training data ratios. ATSR consistently out-
performs TabEAE and DEEIA, with larger gains
under extremely few-shot conditions (1%—5%).
In particular, ATSR achieves substantial improve-
ments on WikiEvents. At the 1% training ratio,
ATSR surpasses the strongest baseline by 0.4, 2.7,
and 1.4 F1 points on RAMS, WikiEvents, and
MLEE, respectively. ATSR maintains a consistent
advantage across all three datasets as the training
data increases, demonstrating its effectiveness un-
der few-shot settings.
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Context: Two gunmen entered the campus right after the explosion and shot at
many Afghan soldiers before being gunned down during the clashes...More than
100 members of the National Directorate of Security (NDS) were killed in...
Event #1: Conflict Attack Trigger: shot Role: Attacker;Place;Victim
Event #2: Life.Die Trigger: killed Role: Victim

Event #n: ..

Place

Victim

Attacker

Target
Instrument
ExplosiveDevice
Participant

Killer

Topic

origin
Medicallssue
MedicalCondition
BodyPart
IdentifiedObject
IdentifiedRole
Identifier
Vehicle
Transporter
PassengerArtifact
Destination
Injurer

Expert

Figure 5: Visualization of expert routing specializa-
tion in RAMOE on a WikiEvents example. Rows and
columns denote argument roles and experts.

5.5 Effect Analysis on Role-Aware Mixture of
Expert

To assess whether RAMOE captures event-specific
semantic patterns, we visualize expert assign-
ments over argument roles. As shown in Figure 5,
different experts consistently focus on semanti-
cally coherent role groups. For instance, Expert
1 concentrates on communication-related roles
such as “Topic” and “Origin”, Expert 2 focuses
on identification-related roles including “Target”,
“IdentifiedObject”, and “IdentifiedRole”, Expert 4
emphasizes medical-related roles such as “Medi-
callssue” and “MedicalCondition”, and Expert 5
focuses on conflict agent roles including “Victim”,
“Killer”, and “Transporter”. These results indi-
cate that RAMOE effectively routes semantically
related roles to specialized experts, which helps
model event semantic heterogeneity. Additional
visualization results on MLEE are provided in Ap-
pendix B.4.

5.6 Sensitivity Analysis

Impact of the numbers of templates. We in-
vestigate the effect of varying the number of tem-
plates under different data scales. As shown in Fig-
ure 6, performance consistently improves as the
template count increases from 1 to 3 across all set-
tings. On WikiEvents, Arg-C F1 improves from
64.3 to 68.2 under full-data training, with even
larger gains observed in few-shot settings. Be-
yond 3 templates, however, performance slightly
degrades, likely due to increased structural re-
dundancy and degraded template selection quality.
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Figure 6: Performance with varying numbers of tem-
plates under different training data ratios.

Top-k ‘ RAMS WikiEvents MLEE
‘Arg—I Arg-C  Arg-l Arg-C Argl Arg-C

1 58.6 540 727 682 759 748
2 570 528 722 668 748 738

Table 5: Performance with varying activated experts.

Overall, 3 templates achieve the best trade-off be-
tween structural diversity and selection precision.

Impact of the Number of Experts. We analyze
the impact of expert count in RAMOoE by varying it
from 2 to 6, as shown in Figure 7. On RAMS and
MLEE, performance peaks at a moderate number
of experts, suggesting a trade-off between model
capacity and specialization, where too many ex-
perts may lead to insufficient training per expert.
WikiEvents exhibits a different trend, likely due
to greater diversity of event semantics, which ben-
efits from more experts to capture heterogeneous
event semantics.

Impact of the Number of Activated Experts.
In sparse MoE architectures, the router’s top-k
selection is typically set to 1 or 2, as larger val-
ues negate sparsity benefits and increase computa-
tional overhead. Since RAMOE routes role slots
rather than tokens, the routed units carry relatively
concentrated semantics, making a single expert
sufficient to capture the relevant signal. We evalu-
ate performance under Top-1 and Top-2 activation,
as shown in Table 5. Ultimately, we chose Top-
1 routing, which consistently outperforms Top-
2 across all three datasets while incurring lower
computational cost.

Impact of the loss weight \. We further in-
vestigate the sensitivity of RAMOoE to the load-
balancing loss weight A\, with results shown in Ta-
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Figure 7: Impact of the number of experts on Arg-C performance across RAMS, MLEE, and WikiEvents.

. | Rams MLEE
| Arg-l  Arg-C  Arg-l  Arg-C
0.1 58.6 54.0 759 74.8
0.01 57.7 53.7 75.4 74.5
0.001 58.1 53.6 75.6 74.6
0.0001 | 57.4 53.1 75.1 74.3

Table 6: Performance of \.

ble 6. The performance remains relatively stable
across A € [0.001, 0.1], with only minor variations
on both RAMS and MLEE. When A is further re-
duced to 0.0001, performance consistently drops
across all evaluation metrics, suggesting that an
insufficient load-balancing constraint may weaken
the effectiveness of expert utilization. These re-
sults indicate that the auxiliary load-balancing loss
provides a stable regularization effect, while its
weight is not overly sensitive within a reasonable
range.

5.7 Error Analysis and Case Study

Error Analysis. We conduct error analysis to eval-
uate ATSR, with details in Appendix B.5. We cate-
gorize prediction errors on the WikiEvents test set
into five types. As shown in Table 11, compared
with PAIE-multi and DEEIA, ATSR reduces errors
in most categories, particularly Wrong Span, Miss,
and Over-extraction. Specifically, total errors de-
crease from 350 of PAIE-multi and 313 of DEEIA
to 285 of ATSR, indicating ATSR’s effectiveness
for multi-event argument extraction.

Case Study. We conduct a case study to further ex-
plore the effectiveness of our proposed modules in
multi-event argument extraction. As shown in Fig-
ure 8, the example contains multiple co-occurring
events with overlapping arguments, where seman-
tic heterogeneity across events increases extrac-
tion difficulty. Without AMSTS, the model fails
to correctly identify key participants such as “I”
and “official”, and is misled by irrelevant enti-
ties like “members”. In contrast, AMSTS im-

Context: "I have been in touch with the NDS official in the
province and they fold me that over 100 of the NDS
were in the big explosion,” the former provincial of ficial
said ... Apologizes to Survivors BOSTON — Moments before a
federal judge sentenced him to death ...

Event Type: Contact.Contact.Correspondence
Without AMSTS: Trigger: been in touch

Participant:  Pred: official 6t I
Participant:  Pred: members Gt: official X
With AMSTS:

Participant:  Pred: I 6hI
Participant:  Pred: official Gt: officialv/

Without AMSTS:

Trigger:
Pred: T Gt members X
With AMSTS:

Gt: members

Event Type: Justice.Sentence.Unspecified
Without RAMoE: Trigger: sentenced

Pred: members

JudgeCourt:  Pred: No answer (-1,-1) Gt: judge X
Defendant:  Pred: judge 6t: him X
With RAMoE:

JudgeCourt:  Pred: judge 6t: judge
Defendant:  Pred: him Gt him
Event Type: Life.Die.Unspecified

Without RAMoE: Trigger: death
Victim:  Pred: federal judge Gt him X
With RAMoE:

Victim:  Pred: him Gt: him

Figure 8: A multi-event test case from WikiEvents.

proves template matching across events, enabling
accurate extraction. Furthermore, with RAMOE,
the model captures overlapping arguments such as
“him”, demonstrating its effectiveness in capturing
event semantic heterogeneity via role experts.

6 Conclusion

In this paper, we propose ATSR for Multi-EAE,
which addresses template under-matching and
event semantic heterogeneity in existing meth-
ods. Specifically, we introduce an Adaptive Multi-
structure Template Selection (AMSTS) module to
adaptively select compatible templates for differ-
ent event structures, and a Role-Aware Mixture-of-
Experts (RAMoE) module to capture semantic het-
erogeneity across events. Extensive experiments
on three benchmark datasets demonstrate the su-
periority of ATSR in performance and efficiency,
while remaining effective in few-shot settings.
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Limitation

Despite the effectiveness of ATSR, several limita-
tions remain. First, the current framework relies
on manually designed discrete templates to spec-
ify event types and argument roles, which may in-
troduce additional template construction costs in
domain-specific scenarios. Second, while ATSR
adaptively selects compatible templates for differ-
ent events, there is still room for exploring more
advanced template selection strategies for EAE.
Finally, ATSR is currently tailored for document-
level EAE benchmarks, and its applicability to
broader structured information extraction tasks re-
mains to be explored.
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Dataset RAMS WikiEvents MLEE
# Event types 139 50 23

# Events per text 1.25 1.78 3.32
# Args per event  2.33 1.40 1.29
# Events

Train 7329 3241 4442
Dev 924 345 -
Test 871 365 2200

Table 7: Dataset statistics for RAMS, WikiEvents, and
MLEE.

A Experimental Setup

A.1 Profile of Datasets

We conduct experiments on three widely used
document-level EAE benchmarks.

RAMS (Ebner et al., 2020) is a document-level
EAE dataset containing 9,124 annotated events
collected from English online news articles. Since
the dataset is originally annotated in an event-wise
manner, where each event corresponds to an in-
dividual instance, we follow previous work (He
et al., 2023) to aggregate events occurring within
the same context into multi-event instances using
a sliding-window strategy. We adopt the original
train/dev/test data split.

WikiEvents (Li et al., 2021) is a document-
level EAE dataset constructed from English
Wikipedia articles and their associated news re-
ports.  The dataset additionally provides co-
reference annotations for event arguments. Fol-
lowing prior studies, we only use the exact argu-
ment annotations in our experiments.

MLEE (Pyysalo et al., 2012) is a document-
level biomedical event extraction dataset consist-
ing of manually annotated abstracts from English
biomedical publications. We follow the prepro-
cessing procedure introduced by (Trieu et al.,
2020). Since the preprocessed dataset only pro-
vides train/test splits, we employ the training split
as the development set following previous work.

Statistics: The detailed dataset statistics of
three datasets are listed in Table 7.

A.2 Baseline

We compare ATSR with several more advanced
baselines.

EEQA (Du and Cardie, 2020) formulates EAE
as a machine reading comprehension task by con-

structing role-specific questions for argument ex-
traction.

BART-Gen (Li et al., 2021) casts EAE as a
sequence-to-sequence generation problem condi-
tioned on event templates and document contexts.

PAIE (Ma et al., 2022) adopts a prompt-based
slot-filling framework with role-specific span se-
lectors for argument extraction.

TASR (Xu et al., 2022) introduces a two-stream
AMR-enhanced framework to incorporate seman-
tic graph information into document-level EAE.

SCPRG (Liu et al., 2023) aggregates contextual
information through PLM attention weights and
enhances span representations via role interaction
encoding.

TabEAE (He et al., 2023) extends PAIE for
multi-event argument extraction. Following the
original setting, we report the Multi-Multi variant
for fair comparison under the Multi-EAE setting.

AHR (Ren et al., 2023) improves argument ex-
traction by leveraging retrieval-enhanced contex-
tual representations. The original paper proposes
three retrieval strategies. We report the results of
their best-performing strategy.

DEEIA (Liu et al., 2024) is a Multi-EAE frame-
work that proposes dependency-guided encoding
and event-specific information aggregation to bet-
ter integrate contextual event semantics for simul-
taneous multi-event argument extraction.

ERCL (He et al., 2025) introduces multi-
hierarchical error-aware contrastive learning with
knowledge-free negative samples to improve span
selection accuracy for EAE.

EPIG-EAE (Wan et al., 2025) constructs a dual-
layer event graph to model role semantics at pat-
tern and instance levels for span-based argument
extraction.

GEMS (Lin et al., 2025) models argument de-
pendencies with prompt permutation and incor-
porates ontology-guided cross-attention for struc-
tured argument extraction.

AMCODE (He et al., 2026) mines valid AMR
entities as argument clues and applies role-specific
dynamic gains to constrain decoding for event ar-
gument extraction.

A.3 Implementation Details

We implement ATSR with PyTorch and conduct
experiments on a Tesla A100 GPU. Following pre-
vious EAE studies (He et al., 2023; Liu et al.,
2024), we adopt RoBERTa-large (Liu et al., 2019)
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Hyperparameters RAMS Wiki MLEE
Training Steps 10000 10000 10000
Warmup Ratio 0.1 0.1 0.2
Learning Rate 2e-5 3e-5 3e-5
Max Gradient Norm 5 5 5
Batch Size 4 4 4
Context Window Size 250 250 250
Max Span Length 10 10 10
Max Encoder Seq Length 500 500 500
Max Prompt Length 210 360 360
Number of templates* 3 3 3
A* 0.1 0.075 0.1
Expert* 4 6 4
Top-k* 1 1 1

Table 8: Hyperparameter settings. * denotes tuned hy-
perparameters in our experiments.

as the backbone model. We use an encoder—
decoder architecture, where the encoder consists
of the first 17 layers of RoBERTa-large and the
decoder is initialized by reusing the self-attention
and feed-forward parameters from the remain-
ing 7 layers, following the setting in (He et al.,
2023). Most hyperparameter settings follow those
in DEEIA (Liu et al., 2024), while task-specific
hyperparameters are manually tuned. Detailed hy-
perparameter settings are shown in Table 8.

B Experimental Analysis

B.1 Comparison with LLMs

Large language models (LLMs) have demon-
strated strong performance across a wide range of
tasks, including text classification (Zhang et al.,
2025; Pangakis and Wolken, 2024), graph model-
ing (Li et al., 2025b; Yang et al., 2025), dialogue
systems (Wang et al., 2025; Li et al., 2025a), and
information extraction (Bhattacharyya et al., 2025;
Colakoglu et al., 2025). To compare ATSR against
recent LLM-based approaches (Zhou et al., 2025),
we include ChatGPT-3.5, LLaMA2-7B-Chat (Tou-
vron et al., 2023), fine-tuned variants of LLaMAZ2-
7B-Chat and ChatGLM?2-6B (Du et al., 2022), as
well as the recent HERO framework (Zuo et al.,
2025) based on LLaMA-3-8B-Instruct (Grattafiori
et al.,, 2024) and DeepSeek-V3 (DeepSeek-Al
et al., 2025). As shown in Table 10, despite their
strong generalization ability, LLM-based methods
still lag behind supervised approaches on EAE.
Even after fine-tuning, these models perform sub-
stantially worse than ATSR on both RAMS and
WikiEvents across all evaluation metrics. This

e PAIE-multi e

Arg-C Score (%)
N
=]

65 . 9z..
TabEAE-multi
60 DEEIA e
ATSR(ours)
551 T T T T T
1[175] 2[156] 3[114] 4711 >4[153]

Number of Events

Figure 9: The averaged performance of the PAIE,
TabEAE, DEEIA, and ATSR models on samples with
different event numbers in the MLEE dataset.

gap can be attributed to the difficulty of applying
LLMs to structured prediction tasks that require
precise span extraction and role classification. In
contrast, ATSR achieves consistently superior per-
formance without relying on large-scale language
model pretraining, highlighting the effectiveness
of the proposed ATSR for document-level event
argument extraction.

B.2 Analysis under Different Event Settings

To evaluate the effectiveness of ATSR under dif-
ferent event settings, we partition test sets into
single-event and multi-event subsets. As shown
in Table 9, ATSR achieves consistent performance
across both, validating each component’s contribu-
tion. Removing either AMSTS or RAMOE leads
to performance degradation, confirming their roles
in template matching and event semantic model-
ing.

B.3 Effect Analysis on Event Numbers in
MLEE

As illustrated in Figure 9, all models exhibit a
consistent performance decline as the number of
events increases, reflecting the growing complex-
ity of modeling longer contexts with more event
semantic interactions. Among the baselines, PAIE-
multi degrades most significantly as the number of
events increases, while TabEAE-multi and DEEIA
exhibit relatively smaller performance drops. In
contrast, ATSR maintains a consistent advantage
over all baselines across different event-number
groups, demonstrating its superiority in handling
multi-event extraction under increasing event com-
plexity.
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M \ RAMS WikiEvents MLEE
odel
#Ev=1 #Ev>1 #Ev=1 #Ev>1 #Ev=1 #Ev>1

[587] [284] [114] [251] [175] [2025]
PAIE-multi 51.75 48.94 65.01 60.18 - -
TabEAE-multi 52.88 50.11 65.04 66.19 84.74 73.24
DEEIA 54.74 49.59 61.32 67.26 82.05 72.76
ATSR 55.94 50.32 67.92 68.30 85.71 74.01
w/o AMSTS 53.75 50.00 66.31 66.08 84.06 72.06
w/o RAMoE 53.65 49.52 65.59 67.25 82.62 72.44

Table 9: Arg-C F1 performance comparison under single-event and multi-event settings.

Model | RAMS WikiEvents
‘ Arg-1 Arg-C Argl Arg-C

ChatGPT 462 404 424 424
LLaMA 248 194 247 227
LLaMAfiene | 50.9 458 603 586
ChatGLMfipe-une | 464 382 643 51.0
HEROL jama3 435 372 - -

HEROpeepseek-vs | 50.5 440 - -

ATSR (ours) | 586 540 727 682

Table 10: Comparison with large language models on
RAMS and WikiEvents.

B.4 Visualization of Experts on MLEE

Figure 10 visualizes the expert assignment distri-
butions on a representative MLEE instance. Com-
pared with WikiEvents, MLEE exhibits more fine-
grained biomedical event semantics, yet RAMoE
still shows clear and consistent expert specializa-
tion patterns. As shown in the heatmap, Expert
1 primarily handles causal-spatial semantics such
as “Cause” and “ToLoc”, Expert 2 specializes in
origin-related semantics such as “FromLoc”, Ex-
pert 3 focuses on instrumental-spatial semantics
including “Instrument” and “Site”, and Expert 4
concentrates on core biomedical process seman-
tics such as “Theme” and “Participant”. These re-
sults suggest that RAMOE consistently routes se-
mantically related roles to the same expert even
in highly specialized biomedical domains, demon-
strating its ability to capture coherent semantic pat-
terns across domains with diverse event semantics.

B.5 Error Analysis

To further evaluate the effectiveness of ATSR,
we conduct a detailed error analysis on the
WikiEvents test set. We categorize all predic-
tion errors into five types. Wrong Span refers
to cases where the predicted span and the gold

Context: Results show that the process: VEGF-a -- greater than EphA2 --
greater than MMPs -- greater than VM is the main pathway for ... VEGF
to play an important role in the formation of

appears

VM ...

Event #1: Pathway
Event #2: Regulation
Event #n: ...

Trigger: pathway Role: Participant
Trigger: play an important role Role: Cause;Theme

1.0
AtLoc

Instrument 08

site

0.6
Theme

Cause
0.4

Participant

Toloc 02

FromLoc
0.0

1 2 3 4
Expert

Figure 10: Visualization of expert routing specializa-
tion in RAMoE on a MLEE example. Rows and
columns denote argument roles and experts.

span do not overlap. Partial denotes cases where
the predicted span is a proper subset of the gold
span or vice versa. Overlap occurs when the pre-
dicted and gold spans intersect but neither fully
contains the other. Miss refers to cases where a
gold span exists but no prediction is made, while
Over-extraction describes cases where a span is
predicted without a corresponding gold annota-
tion. As shown in Table 11, ATSR reduces the
total number of errors to 285, compared with 350
for PAIE-multi and 313 for DEEIA, demonstrating
its overall effectiveness. The most notable reduc-
tions are observed in the Miss and Over-extraction
categories, indicating that ATSR more accurately
captures the boundaries of event argument seman-
tics. Regarding ablation variants, removing AM-
STS mainly increases Miss and Over-extraction
errors, suggesting that adaptive template selection
helps better align event contexts with suitable can-
didate templates. Removing RAMOoE mainly in-
creases Partial and Miss errors, confirming that
role-aware mixture-of-experts better models se-
mantic heterogeneity across events. Overall, these
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Error Category

Method

Wrong Span  Partial-less Partial-more Overlap Miss Over-extraction
PAIE-multi 46 16 6 1 170 111
DEEIA 38 12 13 1 159 90
ATSR 34 12 8 0 148 83
w/o AMSTS 36 11 9 0 156 97
w/o RAMoE 37 14 11 1 168 86

Table 11: Error Analysis on WikiEvents test set.

results demonstrate that the two modules comple-
mentarily address template under-matching and
event semantic heterogeneity in Multi-EAE.
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