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Abstract

Event extraction requires performing two inter-
dependent subtasks: event detection and event
argument extraction. While prior work has ex-
plored pipelined and joint training approaches,
the question of how best to coordinate training
across these subtasks in generative LLM-based
systems remains open. We present a systematic
study comparing three training paradigms: dis-
joint, fully shared and hybrid weight allocation,
instantiated as eight concrete strategies and
evaluated on ACE2005 and RichERE across
multiple instruction-tuned LLMs. Our findings
show that training strategy has a consistent and
meaningful effect on extraction accuracy, and
that a clear best-performing strategy emerges
across models and benchmarks. We believe
that these findings could extend beyond event
extraction to other information extraction tasks
that decompose into interdependent subtasks.

1 Introduction

Event extraction (EE) aims to identify structured
event information from text. It is typically de-
composed into two subtasks: event detection (ED),
which identifies event triggers and their types, and
event argument extraction (EAE), which identifies
event participants and their roles (LDC, 2005). A
long-standing question in EE is how these inter-
dependent subtasks should be coordinated during
training: should they be learned independently in a
pipeline, jointly or through some intermediate form
of interaction?

Both pipeline and joint formulations have been
extensively explored, each with well-known trade-
offs. Pipeline approaches offer modularity but suf-
fer from error propagation, while joint approaches
can capture cross-task dependencies at the cost of
increased complexity. The advent of large language
models (LLMs) has introduced a new paradigm,
where EE is framed as a conditional text gener-
ation problem. This shift brings the question of

training strategy into a new setting, one that has
received little systematic attention: what is the best
strategy for fine-tuning LLMs for generative event
extraction?

In this work, we systematically investigate how
different training strategies affect extraction per-
formance in generative event extraction. We
study three paradigms: disjoint parameter alloca-
tion, fully shared parameters and hybrid configura-
tions with partial parameter sharing, instantiated as
eight computationally equivalent training strate-
gies. Models are fine-tuned using LoRA (Low-
Rank Adapters) (Hu et al., 2021) and evaluated on
ACE2005 (Doddington et al., 2004) and RichERE
(Song et al., 2015) across three instruction-tuned
LLMs ranging from 3B to 12B parameters.

Our results show that training strategy has a con-
sistent and meaningful effect on extraction accu-
racy across models and benchmarks. We find that
a disjoint approach in which the ED adapters are
initialised from pre-trained EAE adapters consis-
tently outperforms both de facto approaches: fully
independent training and joint modelling. Joint
modelling, where both tasks are handled within
a single pass, on the contrary, proves to be the
weakest configuration overall. We also find that
robustness to strategy choice increases with model
size. Our contributions are as follows:

• We propose a taxonomy of training strategies
for generative event extraction based on pa-
rameter sharing and task interaction, spanning
disjoint, fully shared and hybrid paradigms.

• We conduct a controlled empirical study of
eight strategies across three LLMs and two
benchmarks, providing a comprehensive com-
parison of training strategies for generative
event extraction1.

1Our code is available at www.github.com/rishi-ravik
umar/GenerativeEventExtractionTrainingStrategies.
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• We provide insights into how task decomposi-
tion, transfer and parameter sharing affect ex-
traction accuracy across models and datasets.

2 Related Work

2.1 Event Extraction: Pipeline and Joint
Approaches

Pipeline and joint approaches represent the two
dominant paradigms for event extraction, each with
well-established trade-offs. Pipeline approaches
train separate models for ED and EAE, apply-
ing them sequentially at inference time, offering
modularity but suffering from error propagation:
mistakes in event detection directly degrade argu-
ment extraction (Xiang and Wang, 2019). Joint
approaches model both subtasks within a unified
framework, enabling cross-task interaction and in-
terdependencies to be exploited, thereby alleviating
error propagation at the cost of increased model
complexity (Lin et al., 2020; Xiang and Wang,
2019). The relative merits of each paradigm re-
main setting-dependent, with leading systems span-
ning both: joint models such as OneIE (Lin et al.,
2020) and DyGIE++ (Wadden et al., 2019) along-
side pipeline approaches such as TagPrime (Hsu
et al., 2023), as evidenced by the standardised eval-
uation in Huang et al. (2024).

2.2 Generative Event Extraction

The reframing of event extraction as a conditional
text generation problem has gained significant trac-
tion with the advent of pre-trained language models.
Early generative approaches include Du and Cardie
(2020), who formulate EAE as question answering,
and Paolini et al. (2021), who cast a range of struc-
tured prediction tasks, including EE, as translation
between augmented natural languages. Lu et al.
(2021) propose Text2Event, which directly gener-
ates structured event records from text using con-
strained decoding, handling ED and EAE jointly in
a single pass. Hsu et al. (2022) propose DEGREE,
which frames EE as prompt-based conditional gen-
eration, and they explicitly evaluate both pipeline
(DEGREE-PIPE) and joint (DEGREE-E2E) con-
figurations, finding that the joint configuration gen-
erally outperforms the pipeline configuration on
ACE2005, particularly in low-resource scenarios.
More recently, work on large instruction-tuned
LLMs has examined the upper bound of the gen-
erative paradigm: Gao et al. (2023) evaluate an
earlier version of ChatGPT on few-shot EE and

find that it considerably falls short of supervised
approaches, while Srivastava et al. (2025) system-
atically study instruction tuning strategies for event
extraction. Across this body of work, the question
of how training should be coordinated across ED
and EAE in generative models has received no sys-
tematic attention, with most work committing to
a single fixed configuration. This paper addresses
this gap directly.

2.3 Multi-Task and Transfer Learning for
Information Extraction

The question of how to coordinate learning across
related tasks has a long history in NLP. Caruana
(1997) establishes that jointly training related tasks
provides inductive biases that improve generalisa-
tion, and subsequent work has explored both hard
parameter sharing, where all tasks share the same
parameters, and soft sharing, where tasks maintain
separate parameters with regularisation encourag-
ing similarity (Ruder, 2017). In the context of IE,
multi-task learning over related subtasks, where
shared encoders capture common linguistic fea-
tures, has consistently outperformed single-task
baselines (Wadden et al., 2019; Lin et al., 2020).
Paolini et al. (2021) extend this to a broader range
of structured prediction tasks within a unified gen-
erative framework, demonstrating that related IE
tasks can benefit from shared representations at
scale. Sequential transfer between related tasks has
also proven effective, with pre-training on auxiliary
tasks providing beneficial initialisations for down-
stream extraction objectives (Pruksachatkun et al.,
2020). Our work draws directly on these insights,
systematically investigating how hard parameter
sharing, task-specific parameters and sequential
transfer interact in the specific context of genera-
tive EE under LoRA-based fine-tuning.

3 Methodology

3.1 Task Formulation

We adopt a generative formulation of event extrac-
tion, casting ED, EAE and joint EE as conditional
text generation tasks within a prompt-completion
framework. In each case, the model takes a nat-
ural language sentence as input and generates a
structured JSON representation of the predicted
event information. We deliberately adopt a mini-
mal prompting strategy, providing no task instruc-
tions or additional context beyond the input sen-
tence. Since all models are fine-tuned, the training
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process itself is sufficient for the model to learn
the target behaviour. This choice avoids confound-
ing effects introduced by prompt engineering and
ensures consistency across all experimental condi-
tions.

Event Detection. Given a raw input sentence, the
model generates a list of all event triggers present in
the sentence along with their corresponding event
types, in a single generation step.

Event Argument Extraction. Given the input sen-
tence along with a specific event trigger and its
type, provided using simple delimiters, the model
generates all arguments associated with that event
and their semantic roles. Since argument extraction
is conditioned on a single trigger, EAE is run once
per trigger. This formulation reflects the depen-
dence of EAE on ED outputs.

Joint Event Extraction. Given a raw input sen-
tence, the model generates complete event struc-
tures in a single pass, including triggers, event
types and all associated arguments.

The prompt-completion formats for all three for-
mulations are illustrated in Table 1, with all com-
pletions structured as JSON arrays with consistent
field names across tasks.

3.2 Training Strategies

We investigate eight training strategies organised
into three paradigms based on how adapters are
allocated across ED and EAE. Unless otherwise
stated, inference follows a pipeline: ED is run
first to identify triggers and event types, which are
then passed as input to EAE. During training, EAE
is conditioned on gold triggers and event types,
whereas at inference it relies on predictions from
ED.

3.2.1 Disjoint Training
Disjoint strategies assign separate sets of adapters
to ED and EAE, with no parameter sharing between
the two tasks at inference time.

Independent (S1). Separate adapter sets are
trained for ED and EAE independently, with no
interaction between tasks at any stage. This repre-
sents the standard pipeline baseline.

Forward Transfer (S2). The ED adapters are
trained first and used to initialise the EAE adapters,
which are then trained. This examines whether
ED supervision provides a useful starting point for
argument extraction.

Backward Transfer (S3). The EAE adapters are
trained first and used to initialise the ED adapters,
which are then trained. This examines whether
exposure to argument-level supervision benefits
ED.

3.2.2 Fully Shared Training
Fully shared strategies use a single set of adapters
for both tasks, with no task-specific parameters.
Joint Modelling (S4). A single set of adapters
is trained to generate complete event structures,
including triggers, types and arguments, in a single
pass. Unlike the other strategies, inference is also
performed in a single pass. This represents the
standard joint baseline.
Mixed Training (S5). A single set of adapters
is trained on interleaved batches of ED and EAE
instances. Despite sharing a single adapter set, in-
ference remains pipelined: the model first performs
ED, then EAE.

3.2.3 Hybrid Training
Hybrid strategies partition adapters into two sets:
a shared set applied to the lower layers, and
task-specific sets applied to the upper layers.
Since lower layers of transformer-based LLMs en-
code general linguistic and semantic representa-
tions while upper layers encode increasingly task-
specific information (Rogers et al., 2021), this de-
sign allows the model to leverage common event
semantics in the shared layers while retaining task-
specific capacity in the upper layers.
Partial Sharing (S6). Adapters in the lower layers
are shared between ED and EAE, while the upper
layers maintain separate task-specific adapter sets.
This design interpolates between fully disjoint and
fully shared training: at 0% sharing the strategy
reduces to Independent training (S1), and at 100%
sharing it reduces to Mixed Training (S5). We
experiment with three configurations: sharing the
lower 25% of layers (S6.1), 50% (S6.2) and 75%
(S6.3). An overview of this architecture is shown
in Figure 1.

3.3 Benchmark Datasets
We evaluate on ACE2005 and RichERE, the two
most widely used benchmarks for event extraction,
both focusing on the news domain. We follow
the TextEE standardised benchmarking framework
(Huang et al., 2024) to download, pre-process and
split the data, adopting the standard train/dev/test
splits. In particular, we use Split 1 of the five
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Task Example
  Prompt:  A bomb exploded in the city center.

  Completion: [{'trigger': 'exploded','event_type': 'Conflict:Attack'}]

  Prompt:  A bomb exploded in the city center. <trigger> exploded </trigger> <type> Conflict:Attack </type>

  Completion: [{'argument': 'city center', 'argument_role': 'Place'}]}]

  Prompt:  A bomb exploded in the city center.

  Completion: [{'trigger': 'exploded','event_type': 'Conflict:Attack', 
           'arguments': [{'argument': 'city center', 'argument_role': 'Place'}]}]

ED

EAE

EE (ED+EAE)

Table 1: Prompt-completion formats for different task formulations.

Decoder Block 1

Decoder Block 2

Decoder Block n

Decoder Block 
n+1

Decoder Block 
m…

Decoder Block 
n+1

Decoder Block 
m…

Shared 
adapters 

up to 
layer n

EAE adaptersED adapters

Text tokens
…

Task-conditioned routing

Figure 1: Partial Sharing (S6): lower layers use a shared
adapter set across ED and EAE, while upper layers
maintain separate task-specific adapter sets.

Dataset
# Event 
Types

# Argument 
Types Train Dev Test

ACE05 33 22 3234 348 416
RichERE 38 21 2721 291 403

Table 2: Dataset statistics for ACE2005 and RichERE.
Samples containing no events are excluded.

splits provided by TextEE. Additionally, we ex-
clude samples containing no events due to the class
imbalance in both datasets: fewer than 20% of
ACE2005 samples and fewer than 30% of RichERE
samples contain at least one event. Retaining null-
event samples would therefore heavily skew eval-
uation towards trivial empty predictions, obscur-
ing meaningful differences in extraction quality
across strategies. We note that this filtering pre-
cludes direct comparisons with prior work that re-
tain such samples; however, since all strategies are
evaluated under identical conditions, cross-strategy
comparisons remain fully valid. The data is also
pre-processed into the prompt-completion format
described in Section 3.1.

ACE2005 is a popular benchmark for event ex-

traction, featuring a well-established ontology of
event types and argument roles. RichERE extends
this setting with a broader ontology, potentially pre-
senting additional challenges due to its increased
schema complexity and smaller size. Together, the
two benchmarks allow us to assess the robustness
of our findings across different levels of schema
complexity and data availability. Key statistics are
reported in Table 2.

3.4 Models
We experiment with three open-weight, instruction-
tuned decoder-only LLMs: Qwen2.5-3B-Instruct
(Qwen et al., 2025), Llama-3.1-8B-Instruct (Meta
et al., 2024) and Mistral-Nemo-Instruct-2407 (Mis-
tral AI, 2024), spanning 3B to 12B parameters.
This selection provides diversity across both model
family and scale, allowing us to assess the consis-
tency of our findings across these dimensions.

3.5 Hardware and Hyperparameters

Hyperparameter Value
Sampling Parameters Greedy Sampling
Number of Epochs 2

Precision bfloat16
Optimizer AdamW

Learning Rate 2.00E-04
Learning Rate Scheduler cosine with warm-up

Warm-up Ratio 0.05
Batch Size 4

LoRA Dropout 0.05
Gradient Accumulation Steps 4

Weight Decay 0.01
Gradient Clipping 1.0

Maximum Seq. Length 512

Projections Modified
‘q_proj’, ‘k_proj’, ‘v_proj’, 

‘o_proj’,‘gate_proj’, ‘up_proj’, ‘down_proj’

Table 3: Hyperparameters used for training.

Table 3 lists the key hyperparameters used for
fine-tuning. We fine-tune all models using LoRA
on NVIDIA RTX A5000, A40 and A100 GPUs,
with a cumulative training time of approximately
200 GPU hours. Loss is computed exclusively over
completion tokens, with input tokens masked dur-
ing training. We use a fixed training schedule of 2
epochs across all experiments to ensure comparable
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compute across strategies. This choice is further
supported by prior QLoRA results (Dettmers et al.,
2023), which report stronger performance with 2-
epoch fine-tuning compared to 1 and 3 epochs. Ad-
ditionally, the small dataset sizes and the number
of model components adapted by LoRA make 2
epochs a reasonable choice.

3.6 Computational Equivalence

All eight strategies are designed to incur identical
training cost, measured as the total number of com-
pletion tokens processed under prompt loss mask-
ing. Let DED and DEAE denote the ED and EAE
training sets with mean completion lengths m and
k respectively. In the disjoint and transfer strategies
(S1-S3), two adapter sets are trained independently,
one per task, for two epochs each, contributing
2(|DED| ·m+ |DEAE| · k) loss tokens in total. In
Joint Modelling (S4), ED and EAE completions
are concatenated into a single sequence per sample,
and a single adapter set is trained for two epochs,
yielding the same total cost. In Mixed Training
(S5), the two datasets are interleaved and processed
by a single adapter set over two epochs, again re-
sulting in the same total. In the hybrid strategies
(S6.1-S6.3), the shared lower-layer adapters are
trained on the interleaved combined dataset, while
each task-specific upper-layer adapter set is trained
on its respective task; the contributions sum to the
same quantity. Training cost is thus held constant
across all strategies by construction.

3.7 Evaluation

We adopt two evaluation metrics following stan-
dard practice in event extraction literature (Huang
et al., 2024), all reported as micro-averaged F1.
A true positive for ED requires both the trigger
span and event type to exactly match the gold an-
notation; we report this as the TC (Trigger Clas-
sification’) score. A true positive for end-to-end
EE requires the trigger span, event type, argument
span and argument role to all exactly match the
gold annotation; we report this as the AC (Argu-
ment Classification’) score. Since EAE models are
trained on gold triggers but evaluated on predicted
triggers, AC is subject to exposure bias. To address
this, we additionally propose AC|TC, which evalu-
ates argument extraction exclusively over correctly
identified triggers; by construction, this ensures
that EAE receives input consistent with its train-
ing conditions, eliminating the exposure bias gap.
However, AC|TC should be interpreted with care:

as it is computed over only the subset of instances
where ED succeeds, it is sensitive to the composi-
tion of that subset and provides only a rough signal
of EAE performance in isolation. Together, TC
measures ED quality, AC captures end-to-end EE
performance, and AC|TC offers a rough measure
of EAE quality.

4 Results and Discussion

Table 4 presents TC, AC and AC|TC scores for all
eight training strategies across three models and
two benchmarks, with each configuration run over
three random seeds and averaged. To facilitate
comparison across strategies independently of ab-
solute score differences between models, we rank
strategies by score within each model and bench-
mark combination, then average these ranks across
models to produce a consolidated ordering for each
metric and benchmark; results are reported in Ta-
ble 5. To assess the consistency of these rankings
across models, we compute Kendall’s coefficient
of concordance (W) for each metric–benchmark
combination. In 8 of 9 cases, W ranges from 0.503
to 0.677, indicating moderate to substantial agree-
ment according to commonly used interpretation
guidelines adapted from Landis and Koch (1977);
The Comprehensive R Archive Network. The re-
maining case, AC|TC on ACE2005 (W=0.323), in-
dicates fair agreement, although two of the three
model pairs still exhibit substantial pairwise con-
cordance. We organise our discussion around the
key trends that emerge.

Performance improves consistently with model
scale. Across all strategies and both benchmarks,
TC and AC scores increase with model size. This
trend holds regardless of training strategy, suggest-
ing that the absolute gains from scaling generalise
across different forms of task interaction.

Larger models are more robust to training strat-
egy variation. As show in Figure 2, the TC and
AC score gap (margin) between the best and worst
performing training strategies generally narrows
with model size across benchmarks. On ACE2005
TC, this margin is approximately 4.5 points for
Qwen2.5 3B, compared to around 2.8 points for
Mistral Nemo. A similar trend holds on RichERE
and for AC. Training strategy remains a meaningful
factor at all scales, but its effect is more pronounced
in smaller models. This is likely attributable to
two complementary factors: larger models bring
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ACE05
Strategies TC AC AC|TC TC AC AC|TC TC AC AC|TC

S1: Independent 71.86 ± 0.41 46.15 ± 0.41 66.21 ± 0.34 75.52 ± 0.19 54.56 ± 0.17 72.93 ± 0.12 76.78 ± 0.38 54.83 ± 0.14 72.29 ± 0.23
S2: Forward Transfer 71.86 ± 0.41 47.23 ± 0.63 67.71 ± 0.59 75.52 ± 0.19 54.49 ± 0.35 72.95 ± 0.50 76.78 ± 0.38 55.55 ± 0.39 73.15 ± 0.49
S3: Backward Transfer 73.62 ± 0.27 47.28 ± 0.57 65.87 ± 0.40 77.20 ± 0.43 55.91 ± 0.36 72.25 ± 0.52 78.15 ± 0.21 55.71 ± 0.25 71.48 ± 0.19

S4: Joint Modelling 69.26 ± 0.24 43.74 ± 0.16 64.62 ± 0.08 75.07 ± 0.13 52.75 ± 0.61 71.02 ± 0.64 75.38 ± 0.39 54.59 ± 0.35 72.20 ± 0.59
S5: Mixed Training 72.67 ± 0.37 47.21 ± 0.80 66.07 ± 0.80 76.64 ± 0.41 53.99 ± 0.39 70.70 ± 0.24 76.89 ± 0.28 54.16 ± 1.07 70.97 ± 0.92

S6.1: Partial Sharing (25%) 73.72 ± 0.31 47.65 ± 0.10 65.95 ± 0.33 76.31 ± 0.28 54.83 ± 0.85 72.27 ± 0.47 76.67 ± 0.65 55.41 ± 0.94 72.07 ± 0.74
S6.2: Partial Sharing (50%) 73.58 ± 0.45 46.12 ± 0.55 64.45 ± 1.07 75.70 ± 0.18 53.70 ± 0.24 71.70 ± 0.03 77.34 ± 0.45 54.75 ± 0.86 70.99 ± 0.37
S6.3: Partial Sharing (75%) 72.16 ± 0.44 46.12 ± 1.08 65.42 ± 0.81 75.57 ± 0.69 53.52 ± 0.49 71.01 ± 0.10 76.95 ± 0.54 55.70 ± 0.60 72.39 ± 0.10

RichERE
Strategies TC AC AC|TC TC AC AC|TC TC AC AC|TC

S1: Independent 60.76 ± 0.87 41.81 ± 0.48 68.70 ± 0.21 64.97 ± 0.46 47.05 ± 0.82 72.37 ± 0.73 66.14 ± 0.63 49.48 ± 0.63 74.11 ± 0.40
S2: Forward Transfer 60.76 ± 0.87 41.70 ± 0.42 68.76 ± 0.36 64.97 ± 0.46 46.68 ± 0.79 71.83 ± 0.78 66.14 ± 0.63 49.68 ± 0.67 74.44 ± 0.65
S3: Backward Transfer 61.82 ± 0.15 42.84 ± 0.08 69.13 ± 0.32 67.79 ± 0.30 49.58 ± 0.63 72.85 ± 0.38 67.93 ± 0.94 49.35 ± 0.59 72.91 ± 0.32

S4: Joint Modelling 58.98 ± 0.18 38.92 ± 0.20 66.14 ± 0.07 64.86 ± 0.21 47.97 ± 0.12 73.55 ± 0.17 65.96 ± 0.49 49.57 ± 0.09 74.86 ± 0.26
S5: Mixed Training 60.65 ± 0.56 41.22 ± 0.58 67.13 ± 0.23 65.17 ± 0.56 46.59 ± 0.55 71.09 ± 0.13 66.35 ± 0.30 48.74 ± 0.07 72.72 ± 0.30

S6.1: Partial Sharing (25%) 61.97 ± 0.64 42.59 ± 0.54 68.31 ± 0.62 65.41 ± 0.30 46.30 ± 0.47 70.27 ± 0.32 66.30 ± 0.93 48.82 ± 0.83 73.25 ± 0.50
S6.1: Partial Sharing (50%) 60.89 ± 0.47 41.76 ± 0.98 68.53 ± 0.96 65.87 ± 0.52 47.22 ± 0.12 71.57 ± 0.34 66.37 ± 0.31 48.91 ± 0.42 73.18 ± 0.24
S6.2: Partial Sharing (75%) 62.03 ± 0.60 42.78 ± 0.88 68.65 ± 0.53 65.31 ± 0.41 46.76 ± 0.42 71.45 ± 0.57 66.37 ± 1.03 47.67 ± 1.05 71.70 ± 1.03

Qwen2.5 3B Instruct Llama 3.1 8B Instruct Mistral Nemo Instruct 2407

Mistral Nemo Instruct 2407Llama 3.1 8B InstructQwen2.5 3B Instruct

Table 4: TC, AC and AC|TC scores on ACE2005 (top) and RichERE (bottom), averaged over three random seeds
(± standard error). For each column, the best performance is shown in bold and the second-best is underlined.

Rank TC ACE2005 TC RichERE AC ACE2005 AC RichERE AC|TC ACE2005 AC|TC RichERE

1 Backward Transfer Backward Transfer Backward Transfer Backward Transfer Forward Transfer Forward Transfer

2 Partial Sharing (50%)
Partial Sharing (50%)            
Partial Sharing (75%)

Partial Sharing (25%) Independent Independent
Independent 

Backward Transfer

3
Mixed Training        

Partial Sharing (25%)
Partial Sharing (25%) Forward Transfer Joint Modelling Partial Sharing (25%) Joint Modelling

4 Partial Sharing (75%) Mixed Training Independent
Forward Transfer                                  

Partial Sharing (50%)
Backward Transfer                             

Partial Sharing (75%)
Partial Sharing (50%)

5
Independent        

Forward Transfer
Independent        

Forward Transfer
Partial Sharing (75%) Partial Sharing (75%) Joint Modelling

Partial Sharing (25%)   
Partial Sharing (75%)

6 Joint Modelling Joint Modelling Mixed Training Partial Sharing (25%) Mixed Training Mixed Training

7 - - Partial Sharing (50%) Mixed Training Partial Sharing (50%)

8 - - Joint Modelling

Table 5: Model-averaged strategy rankings for each metric and benchmark combination. For each model and
benchmark, strategies are ranked by score; ranks are then averaged across models to produce a consolidated ordering.
A lower rank indicates better average performance.

stronger prior representations of linguistic and
event-related semantics, and their greater parame-
ter capacity allows them to accommodate different
forms of task interaction more flexibly, learning
both tasks effectively regardless of how training
is coordinated. This is consistent with findings in
related work showing that larger models exhibit
greater robustness to task-level design choices in
generative IE settings (Ravikumar et al., 2026).

4.1 Event Detection Performance (TC)

We discuss event detection performance across all
eight strategies, as measured by the TC metric.
Since TC evaluates only the ED component of the
pipeline, strategies that differ solely in their EAE
adapter—namely S1 and S2—produce identical TC
scores by construction.

Backward Transfer is the strongest strategy
for TC. S3 ranks first on both ACE2005 and
RichERE in terms of performance based on TC,
achieving the highest score in four out of six model-
benchmark combinations. This consistent advan-
tage suggests that initialising the ED adapter from
a pre-trained EAE adapter provides a useful induc-
tive bias. EAE training exposes the model to rich
supervision over event participants and their se-
mantic roles, encouraging representations that are
broadly sensitive to event-bearing spans, a prop-
erty that directly benefits event detection. The
fact that this advantage persists after task-specific
fine-tuning of the ED adapters suggests that the
transferred representations provide a meaningful
initialisation rather than being simply overwritten.
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Figure 2: Score gap between the best and worst per-
forming training strategies per model, across metrics
and benchmarks.

Independent training leads to poor TC scores.
S1 (and by construction S2) ranks second-last on
both benchmarks in the model-averaged ranking,
outperforming only Joint Modelling. The perfor-
mance gap between S1 and S3 is particularly in-
formative: the two strategies are identical except
for how the ED adapter is initialised, making this
a direct controlled comparison that isolates the ef-
fect of initialisation from all other experimental
factors. The consistent advantage of S3 over S1
across all models and benchmarks confirms that
cross-task initialisation provides measurable gains
that independent training foregoes.

Joint Modelling is the weakest strategy for TC.
S4 ranks last on TC across both benchmarks and
all models. Unlike all other strategies, S4 trains on
complete event structures and infers in a single pass,
forcing a single set of adapters to jointly optimise
for trigger identification and argument extraction
within a unified output space. This conflation is
detrimental to event detection: the competing de-
mands of simultaneously producing triggers, event
types, argument spans and roles within a single
generation pass degrades the model’s ability to pre-
cisely identify event-bearing spans.

Mixed Training, by contrast, is competitive for
TC. S5 ranks third on ACE2005 and fourth on
RichERE, outperforming Joint Modelling in both
cases. Although both S4 and S5 use a single set of
adapters, they differ fundamentally in both training
and inference: S4 trains on complete event struc-
tures and infers in a single pass, while S5 trains

on interleaved batches of ED and EAE instances
and infers in a pipeline. This preservation of task
boundaries—at both training and inference time—
avoids the conflation that hampers S4. The com-
petitive TC performance of S5 demonstrates that
cross-task signals from interleaved training ben-
efit event detection, and that the failure of S4 is
attributable specifically to joint generation rather
than parameter sharing.

Partial sharing yields strong TC performance.
S6.2 (50% sharing) ranks second on both bench-
marks, behind only Backward Transfer, making
partial sharing the strongest TC strategy aside from
S3. On ACE2005, S6.1 (25% sharing) and S6.3
(75% sharing) rank third and fourth respectively,
while on RichERE, S6.3 matches S6.2 at rank two
and S6.1 ranks third. These results suggest that
sharing lower-layer representations between ED
and EAE is broadly beneficial for event detection.
Lower transformer layers encode common features
useful to both subtasks, allowing ED to benefit
from the additional supervision signal provided by
EAE while retaining task-specific modelling capac-
ity in higher layers.

The consistent advantage of S6.2 over both S6.1
and S6.3 on ACE2005, together with its parity with
S6.3 on RichERE, suggests that moderate parame-
ter sharing provides the most effective balance be-
tween cross-task transfer and task-specific speciali-
sation. Sharing only 25% of layers yields weaker
performance, indicating limited transfer between
the subtasks, while increasing sharing to 75% does
not provide further gains and can slightly reduce
performance on ACE2005. Across both bench-
marks, the strongest and most consistent results are
obtained with 50% sharing, suggesting that mod-
erate sharing is sufficient to transfer useful event-
level representations without excessively constrain-
ing task-specific specialisation. This pattern is also
reflected in the broader strategy ranking: S6.2 out-
performs both fully independent training (S1; 0%
sharing) and fully shared mixed training (S5; 100%
sharing).

Overall TC paradigm ranking. At the strategy
level, S3 and S4 represent the clear performance ex-
tremes, ranking first and last respectively. Between
these extremes, the hybrid strategies cluster consis-
tently in the upper-middle ranks, establishing par-
tial parameter sharing as the most reliable paradigm
for event detection after backward transfer. S5 per-
forms competitively, while S1 and S2 rank in the
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lower half, confirming that independent training
without cross-task interaction is an ineffective strat-
egy for event detection. Cross-task interaction with
preserved task boundaries, whether through initial-
isation or parameter sharing, is broadly beneficial
for TC performance.

4.2 Event Extraction (AC) and Event
Argument Extraction (AC|TC)
Performance

We discuss AC and AC|TC performance across all
eight strategies. AC captures the compounded ef-
fect of both ED and EAE (end-to-end EE), while
AC|TC isolates argument extraction quality by con-
ditioning on correctly identified triggers.

Backward Transfer remains the strongest strat-
egy for AC. S3 ranks first on AC for both bench-
marks in the model-averaged ranking, continuing
its strong performance from TC. This is attributable
to two complementary factors: S3 achieves the
highest TC scores, maximising the number of cor-
rectly identified triggers and thus the opportuni-
ties for successful argument extraction; and S3’s
largely strong AC|TC performance indicates that its
dedicated EAE adapter, trained independently on
argument extraction, extracts arguments effectively
given correct triggers. Together, strong event de-
tection and effective argument extraction account
for S3’s consistent advantage across models and
benchmarks.

The disjoint paradigm performs strongly on AC
and AC|TC. S1, S2 and S3 collectively dominate
both the AC and AC|TC rankings with S2 rank-
ing first for both benchmarks on AC|TC. This con-
sistent superiority of the disjoint paradigm points
to a clear finding: dedicated, task-specific EAE
adapters are beneficial for argument extraction, pro-
viding the parameter capacity to specialise for the
distinct demands of identifying event participants
and their roles. Within this paradigm, S2 outper-
forms S1 and S3 on AC|TC across both bench-
marks, demonstrating that initialising the EAE
adapter from a pre-trained ED adapter improves
argument extraction by providing a useful induc-
tive bias without sacrificing dedicated task-specific
capacity. This distinguishes forward transfer from
other strategies that also introduce cross-task signal
but at the cost of shared parameters.

Joint Modelling recovers on AC|TC despite
weak TC. S4 ranks last on AC on ACE2005

but third on RichERE, despite ranking last on TC
across both benchmarks. The key to this diver-
gence lies in AC|TC: S4 ranks fifth on ACE2005
and third on RichERE, indicating that the unified
output space that impairs trigger identification does
not equally impair argument extraction. This asym-
metry is structurally motivated: while trigger iden-
tification is a relatively self-contained objective that
is harmed by the competing demands of simultane-
ous argument generation, arguments are by defini-
tion properties of their trigger, with each argument
span and role conditioned on a specific trigger iden-
tity. Joint generation therefore reflects the natural
structure of EAE, and the adapter learns to model
trigger-argument relationships directly within a sin-
gle pass. This coupling partially compensates for
the absence of dedicated EAE parameter capacity.
On RichERE, this AC|TC strength is sufficient to
sustain competitive AC performance despite weak
TC. On ACE2005, where argument extraction is
substantially harder, the AC|TC performance can-
not compensate for the poor TC, and AC collapses
accordingly.

Mixed Training is the weakest strategy for AC
and AC|TC. S5 ranks sixth on ACE2005 and last
on RichERE for AC, and second-last on AC|TC on
ACE2005 and last on RichERE, a striking reversal
of its competitive TC performance. The contrast
with S4 is instructive: despite underperforming S5
on TC, S4 consistently outperforms S5 on AC|TC.
Both strategies share a single adapter set without
dedicated EAE capacity, but S4’s unified output
space forces the adapter to jointly model trigger-
argument relationships within a single generation
pass, which benefits argument extraction given cor-
rect triggers. S5, trained on interleaved but separate
ED and EAE instances, never jointly models these
relationships and therefore lacks this benefit while
equally lacking dedicated EAE parameter capacity.
S5 thus benefits from neither the trigger-argument
coupling of joint generation nor dedicated param-
eter capacity, accounting for its consistently poor
argument extraction performance despite competi-
tive TC.

Partial Sharing performs inconsistently on AC
and AC|TC. The hybrid strategies exhibit pro-
nounced benchmark dependence on both metrics.
On AC, S6.1 (25% sharing) ranks second on
ACE2005 but sixth on RichERE, while S6.2 (50%
sharing) ranks seventh on ACE2005 but fourth on
RichERE. S6.3 (75% sharing) is comparatively sta-
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ble, ranking fifth on AC across both benchmarks.
On ACE2005, where argument extraction is sub-
stantially harder, S6.1 performs best among hy-
brid configurations: preserving the greatest task-
specific capacity in the upper layers outweighs the
benefit of additional cross-task signal when the
EAE objective is demanding. On RichERE, S6.2
performs best, suggesting that a more even bal-
ance between shared and task-specific capacity is
optimal when argument extraction is less demand-
ing. On AC|TC, the hybrid strategies are uniformly
weak, with no configuration ranking above third on
either benchmark, and their relative ordering shifts
inconsistently across benchmarks. Taken together,
the hybrid strategies offer no reliable advantage
for argument extraction, with performance varying
considerably across benchmarks and metrics.

Overall AC and AC|TC paradigm ranking. At
the strategy level, S3 ranks first on AC across both
benchmarks while S2 ranks first on AC|TC across
both benchmarks. At the paradigm level, disjoint
strategies perform best on average across both met-
rics, followed by hybrid and then fully shared train-
ing. Unlike TC, where cross-task parameter shar-
ing drives performance improvements, argument
extraction benefits most consistently from dedi-
cated task-specific adapter capacity, with paradigm
ranking inversely related to the degree of parameter
sharing.

4.3 TC vs AC|TC: A Divergent Picture

Comparing TC and AC|TC rankings reveals a sys-
tematic shift in strategy performance across the two
metrics. S3 ranks first on both TC and AC, but the
relative ordering of all other strategies changes con-
siderably. S2, which ranks in the lower half on TC,
rises to first on AC|TC across both benchmarks, el-
evating the disjoint paradigm as the strongest over-
all for argument extraction. Conversely, the hybrid
strategies, competitive on TC, drop substantially
on AC|TC. S5, despite competitive performance
on TC, falls to second-last on AC|TC on ACE2005
and last on RichERE. S4, the weakest strategy on
TC, recovers to third on AC|TC for RichERE and
fifth on ACE2005.

This divergence reflects a fundamental disparity
between what each subtask demands. Event de-
tection benefits from controlled cross-task interac-
tion, whether through initialisation-based transfer
as in S3, or partial parameter sharing as in the hy-
brid strategies. Argument extraction, by contrast,

is more sensitive to dedicated task-specific capac-
ity: the disjoint strategies, which maintain fully in-
dependent EAE adapters, consistently outperform
shared and hybrid alternatives on AC|TC. S3 sat-
isfies both requirements simultaneously—the ED
adapter benefits from EAE initialisation while the
independently trained EAE adapter retains full pa-
rameter capacity—which accounts for its consistent
dominance across both TC and AC. S2 foregoes
the benefit of cross-task initialisation for ED but
retains full EAE capacity as well as ED-informed
initialisation, producing the strongest AC|TC per-
formance overall.

5 Conclusion

We present a systematic study of eight LoRA-
based training strategies for generative event ex-
traction, spanning three paradigms: disjoint, fully
shared and hybrid parameter allocation. Exper-
iments across three instruction-tuned LLMs and
two benchmarks demonstrate that training strategy
has a consistent and meaningful effect on extrac-
tion performance, with effects more pronounced
at smaller model scales. Backward Transfer is the
strongest strategy overall on TC and AC, while
Forward Transfer is the strongest on AC|TC. More
broadly, event detection benefits from cross-task in-
ductive biases, whether through initialisation-based
transfer or parameter sharing, while argument ex-
traction is most reliably served by dedicated task-
specific adapter capacity. We believe these findings
may generalise beyond event extraction to other
information extraction tasks that decompose into
interdependent subtasks.

Limitations

Our evaluation covers three LLMs ranging from
3B to 12B parameters. While this provides diver-
sity across model family and scale, extending the
analysis to larger models would strengthen the gen-
erality of our findings. Similarly, while ACE2005
and RichERE differ in scale and schema complex-
ity, evaluation on additional benchmarks spanning
broader domains would provide a more compre-
hensive assessment. Likewise, evaluating on larger
datasets would be insightful. We follow recom-
mended practice and use a fixed 2-epoch training
schedule across all settings; however, exploring
longer training schedules and selecting checkpoints
based on validation loss could further refine perfor-
mance comparisons across strategies. Finally, our
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experiments are conducted under LoRA-based fine-
tuning. Whether the observed trends hold under
full fine-tuning or alternative parameter-efficient
methods remains an open question.
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