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Abstract

Event Argument Extraction (EAE) aims to iden-
tify event arguments and assign semantic roles
under a predefined schema. Recent work for-
mulates EAE with large language models as a
structured conditional generation task and ap-
plies Reinforcement Learning with Verifiable
Rewards (RLVR) to optimize sequence-level
event structures. However, RLVR-based EAE
supervision is coarse-grained, as a single re-
ward is assigned to the whole event structure,
while optimization happens at the token level.
This misalignment causes the same reward to
be applied to all tokens, including those not
related to event roles or arguments, introducing
noise into the gradient updates and weakening
the signals for decisions critical to argument ex-
traction. To mitigate this misalignment, we pro-
pose Hybrid Token Masking RLVR (HTMR),
which selectively updates policy gradients on
both high-entropy forking tokens and event-
critical tokens that define event structure, along
with multi-perspective reasoning. Experiments
across multiple benchmarks and models show
that HTMR consistently outperforms full-token
and high-entropy only RLVR methods. More-
over, HTMR transfers effectively as a plug-and-
play approach to other tasks such as named en-
tity recognition and relation classification. The
code is publicly available for reproducibility.'

1 Introduction

Event Argument Extraction (EAE) aims to extract
event arguments and assign corresponding seman-
tic roles (Yang et al., 2024c). Figure 1 illustrates an
example? from the ACE-2005 corpus (Doddington
et al., 2004), where the model is required to extract
entities involved in a Movement-Transport event
and assign them appropriate semantic roles, such
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!The source code is available at https://github.com/

York-Gold/HTMR-EAE
2Event mention ID: XIN_ENG_20030314.0208-5-EVO0.

Event Type: Movement-Transport Agent Artifact Sestination
Event Mention: Most Beijing travel agencies have suspended tourist trips to the Middle East
as tension heightens in the Gulf region, Thursday's Beijing Youth Daily reports.

Figure 1: An illustrative example of EAE from ACE-
2005 corpus, where frips serves as the event trigger.

as classifying agencies as the Agent, rourist as the
Artifact and Middle East as the Destination.

Recent studies formulate EAE with Large Lan-
guage Models (LLMs) as a structured conditional
generation task, where LL.Ms directly produce ar-
gument spans under a predefined schema (Hong
and Liu, 2024; Guo et al., 2024; Wang and Huang,
2024; Yang et al., 2024c; Wei et al., 2025). This
formulation enables Reinforcement Learning with
Verifiable Rewards (RLVR), which supports ex-
plicit reasoning prompts and deterministic output
parsing, allowing LLMs to explore reasoning tra-
jectories and achieve consistent performance gains
through structure-level rewards (Luo et al., 2025).

However, existing RLVR-based EAE pipelines
often rely on a single reasoning style during su-
pervised warm-up, which can limit exploration
diversity and hinder generalization. Following
prior work on multi-perspective reasoning (Li et al.,
2025), we incorporate multi-perspective reasoning
into the warm-up stage. This initialization avoids
over-constraining the LLMs with a fixed reasoning
pattern, providing a better starting point for RLVR.

Despite these advances, existing RLVR-based
approaches for EAE suffer from a fundamental
misalignment between sequence-level supervision
and token-level optimization. As illustrated in Fig-
ure 2(a), verifiable rewards in EAE are defined
at the sequence level: a verifier evaluates the cor-
rectness of the entire predicted event structure and
assigns a single scalar reward. However, policy-
gradient optimization operates at the token level,
updating the generation probabilities of individual
tokens in the reasoning trace and structured out-
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Figure 2: Misalignment between sequence-level re-
wards and token-level optimization in RLVR-based
EAE, and how HTMR mitigates this misalignment. The
complete model output is provided in Appendix A.

put. This misalignment leads to a broadcast-style
credit assignment (Clark et al., 2021). Specifically,
the same sequence-level reward is uniformly prop-
agated to all generated tokens during training, re-
gardless of whether they contribute to defining the
event structure. Tokens related to linguistic fluency
or intermediate reasoning receive learning signals
comparable to those defining event types, role la-
bels and argument spans, introducing noise into
gradient updates for event-critical decisions.

One line of recent RLVR work addresses this is-
sue by selectively applying policy updates to high-
entropy tokens, which correspond to uncertain de-
cision points during generation (Wang et al., 2025).
This strategy concentrates learning signals on a
small subset of “forking” tokens that dominate ex-
ploration in general reasoning tasks. However, as
illustrated by the red-highlighted tokens in Figure
2(b), entropy-based token selection does not align
well with EAE. Event-defining tokens typically ex-
hibit relatively low entropy during generation.

To mitigate the fundamental misalignment, we
propose Hybrid Token Masking RLVR (HTMR),
which applies policy-gradient updates to both high-
entropy “forking” tokens and event-critical tokens
highlighted by the blue boxes in Figure 2(b). By
grounding learning signals in event-defining de-
cisions while retaining uncertainty-driven explo-
ration, HTMR better bridges sequence-level super-
vision and token-level optimization. Experiments
across multiple benchmarks and LLMs show that
HTMR outperforms full-token and high-entropy

only RLVR methods on EAE, delivering improved
performance and stable optimization. Moreover,
HTMR generalizes well to tasks such as named
entity recognition and relation classification.

Our contributions can be summarized as follows:

* We identify a fundamental mismatch in RLVR-
based EAE, where sequence-level structural re-
wards are optimized through token-level updates
that are weakly aligned with event-defining deci-
sions, leading to suboptimal policy updates.

* We propose HTMR, a task-aware post-training
framework that integrates multi-perspective rea-
soning warm-up with hybrid token masking over
high-entropy and event-critical tokens, explicitly
anchoring policy updates to event-defining deci-
sions and stabilizing RLVR optimization.

* We evaluate HTMR across multiple benchmarks
and LLMs, showing consistent improvements
over decoder-only LLLM baselines, and conduct
ablation and cross-task experiments to verify its
effectiveness and generality beyond EAE.

2 Preliminaries

2.1 Token Entropy Calculation

Given an input z, an autoregressive LLM 7y gen-
erates an output sequence y = (y1,...,yr). At
decoding step ¢, conditioned on the prefix y¢, the
model produces a distribution over the vocabulary:

z
P, = mol- | @,y<e) = Softmax(ZH) . (1)

where z; denotes the pre-softmax logits and T’ is
the decoding temperature.

We quantify the model’s uncertainty at position
t using the token-level generation entropy:

V|
Hy= = pijlogpe;, )
j=1

where p; ; is the probability of the j-th token in the
vocabulary under the generation distribution p,.

A higher H; indicates greater uncertainty over
competing next-token candidates, while a lower
H, reflects confident predictions. Consistent with
Forking Token Masking RLVR (FTMR)Wang et al.
(2025), token entropy is defined as the entropy of
the generation distribution at a position, rather than
the sampled token itself.
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Figure 3: Overview of HTMR. The model is first warmed up on multi-perspective reasoning demonstrations,
yielding a warmed-up actor with diverse, schema-consistent event reasoning paths. It is then optimized with RLVR,
where policy-gradient updates are selectively applied to the union of high-entropy forking tokens and event-critical
tokens. A verifier provides deterministic rewards based on structured EAE correctness, resulting in the final policy.

2.2 RLVR with DAPO

We adopt RLVR as the reinforcement stage of post-
training, where rewards are automatically com-
puted by checking the correctness of structured
outputs. As the baseline optimizer, we employ Dy-
namic sAmpling Policy Optimization (DAPO) (Yu
et al., 2025), a value-free RLVR algorithm with
a token-level objective. DAPO performs policy
optimization using the following clipped objective:

G |of|

ZZHHH (r, ) Al
£ ‘Ol‘ i=1 (=1 3)

Clip(TZ(e), 1-— €low s 1 + Ehigh) A§>:| s

Jparo(f) =

where optimization is performed over groups con-
taining both correct and incorrect responses. The
definitions of r#(6), A%, and other internal parame-
ters, along with descriptions of other RLVR algo-
rithms and the reason for choosing DAPO as our
baseline RL optimizer, are provided in Appendix B.

3 Approach

In this section, we first formalize EAE and its struc-
tured generation setup for reproducibility (§3.1).
We next introduce multi-perspective reasoning
warm-up that initializes the LLM with diverse,
schema-consistent reasoning trajectories (§3.2).
Subsequently, we present hybrid token masking
for RLVR, updating policy gradients only on high-
entropy forking and event-critical tokens (§3.3).
Figure 3 illustrates the overall training pipeline.

3.1 Task Definition

Consistent with REAR (Luo et al., 2025), we for-
mulate EAE as a structured conditional generation

task. Given an input sentence describing a tar-
get event and optional auxiliary information (e.g.,
event type, trigger, entity mentions and role set),
the model generates a structured representation of
the event by assigning semantic roles to textual
argument spans in the sentence. We adopt JSON
schema for deterministic parsing. In addition to the
standard setting, we also evaluate more challeng-
ing scenarios where entity mentions and trigger
information are not provided in Section 4.4.3.

3.2 Multi-Perspective Reasoning Warm-Up

As depicted in Figure 3, HTMR adopts a two-stage
post-training framework, applying SFT to initialize
diverse, schema-consistent reasoning behaviors be-
fore RLVR. Concretely, for each training instance,
we randomly select one reasoning perspective from
a predefined set of five perspectives and generate
a corresponding Chain-of-Thought (CoT) demon-
stration.> The CoT reasoning data are generated
with the Qwen3-Max model via the Alibaba Cloud
Model Studio platform.* Each perspective ana-
lyzes the same input from a distinct reasoning angle
while producing an identical structured output:

* Trigger-centric filtering, which treats the event
trigger as the semantic anchor and constrains
argument plausibility accordingly;

* Role-centric contrastive reasoning, which ex-
plicitly compares candidate entities against role
definitions and against each other;

* Linguistic-heuristic analysis, which empha-
sizes syntactic structure, discourse prominence
and surface linguistic cues in context;

3For reproducibility, the random perspective selection pro-

cess is controlled by a fixed random seed of 42.
*https://modelstudio.alibabacloud.com
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* Cognitive-style reasoning, which simulates
human-like attention shifts, hypothesis revision
and narrative coherence checking;

* Causal-temporal forensics, which reconstructs
local event timelines and causal relations to vali-
date role assignments under event dynamics.

Let Dy = { (2, yégt))} denote the resulting
multi-perspective reasoning dataset. We perform
SFT on Dy, to obtain a warmed-up base policy g, .
The objective of this stage is to expose the model to
diverse reasoning perspectives, rather than directly
optimizing extraction accuracy, thereby providing
a better-conditioned initialization for RLVR.

Detailed descriptions of CoT demonstrations for
the five perspectives are provided in Appendix C.

3.3 Hybrid Token Masking RLVR

In the second stage of HTMR, the warmed-up actor
(policy my) is optimized via RLVR under a hybrid
token masking scheme. As shown in Figure 3,
the actor rollouts multiple responses, which are
evaluated by a verifier to produce deterministic
rewards. Policy-gradient updates are applied only
to a selected subset of tokens.

Verifiable Reward. Consistent with REAR (Luo
et al., 2025), we adopt sparse, terminal-state re-
wards for EAE. Let y and y’ denote the predicted
and gold sets of event arguments, respectively. The
reward function is defined as:

1, iflyl=0A1y'| =0,
Reae(y,y') = { Fy.y'), ifly| >0, “)
0, on exception,

where exceptions denote structurally invalid, non-
parsable outputs, and F(y, y’) is defined as:

lyny|

Fly,y :max<7,
RS U (R

o — p-max(|yl, |y']), O.l) , (5)
with 0 = 0.4 and i = 0.1. We adopt this reward
formulation following prior RLVR-based approach
for EAE (Luo et al., 2025).

Hybrid Token Masking. For a batch B, the actor
samples a group of responses {oi}?zl. For each to-
ken 0!, its generation entropy H; is computed. Fol-
lowing Wang et al. (2025), the top-p high-entropy
tokens are selected within each batch, correspond-
ing to the red blocks in the model-generated re-
sponses shown in Figure 3. In our all main exper-
iments, we set the factor p = 20%, and the effect
of different p values is analyzed in Section 4.4.2.

In parallel, event-critical tokens are identified
from the generated response. Specifically, event
roles, argument spans, event types and trigger men-
tions are extracted via deterministic parsing of the
JSON-structured output and heuristic matching. To-
kens corresponding to role labels, argument men-
tions, event types and trigger mentions are aligned
to the response and marked as event-critical. The
resulting event-critical tokens correspond to the
blue blocks in Figure 3. We define an indicator
function Tevent (0}) that equals 1 if token o} belongs
to any event-critical span, and O otherwise.

The hybrid token mask m! is defined as the
union of high-entropy and event-critical tokens:

m; = ]I[Htl > TE] V Hevent(oé)a (6)

where T/? denotes the entropy threshold correspond-
ing to the top-p fraction of tokens in batch B.

Masked Policy Optimization. Based on the
DAPO objective in Eq. 3, policy-gradient updates
are restricted to tokens selected by the hybrid mask.
For each input in a batch B, the actor samples a
group of G responses {0 iG:p and group-relative
advantages fli are computed from verifiable re-
wards following the DAPO formulation. The hy-
brid mask m! determines whether token o} con-
tributes to the policy-gradient loss. The resulting
batch-level optimization objective is given by:

G

of
1 0’| .
G 2 2
i=1 2at=1"¢ i=1 t=1 (7)

min (r;(G)A; clip(r;(0),1 — elow, 1 + ehigh)A;)

jl{BTMR<9) =E {

where the normalization term in the denominator
accounts only for tokens with m} = 1, ensuring
that gradient magnitudes are comparable across
batches with different numbers of selected tokens.
The definitions of 7(f), Af, and other internal
parameters are provided in Appendix B.5. Algo-
rithm 1 in Appendix B.5 summarizes the overall
training procedure of HTMR.

4 Experimentation
In this section, we aim to explore the following
Research Questions (RQs) regarding our HTMR:

* RQ1: Does HTMR consistently improve EAE
performance over standard RLVR baselines
across multiple benchmarks and LLMs? (§4.2)

* RQ2: How does HTMR compare with represen-
tative recent LLM-based EAE methods? (§4.3)
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A | ACE05-E | ACE05-E* | ERE | Average
pproach
| P(%) R(%) FL(%) | P(%) R(%) Fl(%) |P(%) R%) F1(%) |P(%) R(%) F1(%)
Meta-Llama-3-8B-Instruct
Original Model 277 38.7 323 | 283 344 310 | 391 435 412 | 31.7 389 348
Supervised Warm-up 674 613 642 | 620 655 637 | 749 724 736 | 681 664 672

DAPO (Yu et al., 2025) 67.3 683 67.8 | 66.5
FTMR (Wang et al., 2025) | 69.0 69.6 693 | 68.5
HTMR (Ours) 712 701  70.7 | 704

67.8  67.1 753 753 753 | 69.7 705  70.1
687 686 | 76.1 774 768 | 71.2 719 716
71.3 709 | 769 778 773 | 728 731  73.0

Original Model 30.0 57.8 39.5 32.1
Supervised Warm-up 68.1  60.4 64.0 | 67.1
DAPO (Yu et al., 2025) 689 622 675 | 67.6
FTMR (Wang et al., 2025) | 68.6  68.1 68.3 70.0
HTMR (Ours) 708 703 70.5 | 71.0

DeepSeek-R1-Distill-Llama-8B
534 401 | 429 665 521 | 350 592 439
61.1 640 | 741 707 724 | 69.8 64.1 66.8
67.6 676 | 743 736 739 | 703 678  69.7
682 69.1 | 750 77.8 764 | 712 714 713
695 702 | 769 80.8 788 | 729 735 732

Original Model 420 718 53.0 | 434
Supervised Warm-up 654 628 641 65.7
DAPO (Yu et al., 2025) 683 696 69.0 | 68.1
FTMR (Wang et al., 2025) | 70.9 700 704 | 69.8
HTMR (Ours) 70.0 70.8 704 | 70.7

Qwen3-8B
65.5 52.2 60.1 77.0 67.5 485 714 57.6
59.4 62.3 71.1 711 71.1 674 644 65.8
70.1 69.1 753 715 73.4 70.6 704 70.5
71.6 70.7 76.1 74.5 75.3 723 720 72.1
72.1 71.4 75.1  79.5 77.2 71.9 741 73.0

Table 1: Main results on ACE05-E, ACE05-E™" and ERE. Average denotes the mean P/R/F1 over the three datasets.

* RQ3: How do supervised warm-up and the
number of CoT reasoning perspectives influence
downstream EAE performance? (§4.4.1)

* RQ4: How do token selection strategies and the
update top ratio (p) jointly influence the effec-
tiveness of selective RLVR for EAE? (§4.4.2)

* RQS5: How does removing entity and event trig-
ger information affect HTMR? (§4.4.3)

* RQ6: Can HTMR serve as a general plug-and-
play RLVR strategy for NLP tasks beyond EAE
with different prediction structures? (§4.5)

4.1 Experimental Setup

Benchmarks. We evaluate HTMR on three event
understanding benchmarks: ACEO5-E, ACEOS5-
E* and ERE. ACEO5-E and ACEO5-E™ are two
standard variants derived from the ACE2005 cor-
pus (Doddington et al., 2004), while ERE comes
from the Rich ERE dataset (Song et al., 2015). Fol-
lowing prior work (Yang et al., 2024c¢; Luo et al.,
2025), we adopt standard preprocessing to sup-
port sentence-level EAE evaluation. We report
micro-averaged Precision (P), Recall (R) and F1
for argument-role assignments under exact span
match, where both the argument span and its se-
mantic role must be correctly classified.

Baselines. We compare HTMR with several rep-
resentative baselines under a unified JSON-style
structured generation schema: (i) Original Model,
which performs prompt-only inference without
post-training; (ii) Supervised Warm-up, which ap-
plies SFT on CoT demonstrations; (iii) DAPO (Yu

et al., 2025), a full-token RLVR method; and (iv)
Forking Token Masking RLVR (FTMR) (Wang
et al., 2025), which restricts RLVR updates to the
top-20% high-entropy forking tokens.

We report results of HTMR (Ours) alongside
these baselines to evaluate the effectiveness of hy-
brid token masking that combines entropy-based
and event-critical token selection.

LLMs. We experiment with multiple open-
source backbones, including Meta-Llama-3-8B-
Instruct (Grattafiori et al., 2024), DeepSeek-
R1-Distill-Llama-8B (DeepSeek-Al, 2025)° and
Qwen3-8B (Yang et al., 2025). All models follow
the same decoding format and evaluation protocol.

More experimental setup details are provided in
Appendix D and our open-source implementation.

4.2 Overall Experimental Results

In response to RQ1, Table 1 reports the results on
ACEO5-E, ACEO5-E™T and ERE across 3 backbone
LLMs. Overall, HTMR consistently achieves the
best or near-best performance across datasets and
models, demonstrating its effectiveness for EAE.

For fair comparison, all RLVR-based methods
(DAPO, FTMR and HTMR) use identical training
and inference configurations, detailed configura-
tions are provided in Appendix D.3.

Selective RLVR with FTMR outperforms full-
token DAPO, indicating that reasoning-oriented
learning is driven by a small set of high-entropy

5https://huggingface.co/deepseek—ai/
DeepSeek-R1-Distill-L1lama-8B
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Method Backbone Model ‘ ACE05-E ACE05-E* ERE
G-PTLM (Lin et al., 2023) GPT-J-6B (Wang, 2021) - 31.2 29.6
ChatGPT-IE (Han et al., 2023) GPT-4 (Achiam et al., 2023) 34.4 36.3 -
Code4Struct (Wang et al., 2023) Text-Davinci-003 (Brown et al., 2020) 60.4 - -
. LLaMA-2-13B (Touvron et al., 2023) 41.5 - -
RLQG (Hong and Liu, 2024) Qwen-7B (Yang et al., 2024a) 432 - -
Code4UIE (Guo et al., 2024) Text-Davinci-002 (Brown et al., 2020) 57.0 - -
Meta-Llama-3-8B-Instruct + GPT-3.5 (Ouyang et al., 2022) 56.0 - -
Debate-EE (Wang and Huang, 2024) 5. . bro (Team et al., 2024) + GPT-3.5 59.5 - -
Scented-EAE (Yang et al., 2024c) Meta-Llama-3-8B-Instruct 62.4 61.9 60.6
CAT (Wei et al., 2025) Qwen2.5-7B (Yang et al., 2024b) 55.6 53.3 46.4
REAR (Luo et al., 2025) DeepSeek-R1-Distill-Llama-8B 63.3 64.1 62.2
Meta-Llama-3-8B-Instruct 70.7 70.9 71.3
HTMR (Ours) DeepSeek-R1-Distill-Llama-8B 70.5 70.2 78.8
Qwen3-8B 70.4 714 772

Table 2: Comparison with recent baselines. All values are F1 scores (%).

KL Divergence vs Step: Approach Comparison
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Figure 4: Policy KL divergence during training under
different token masking strategies. Thin curves denote
averages over three backbone models for each dataset,
and the thick curve shows the overall average.

tokens. However, its effectiveness in EAE is lim-
ited, as entropy poorly aligns with event-defining
tokens: critical elements have low entropy, while
high-entropy tokens mainly capture intermediate
reasoning rather than event-role decisions.

By explicitly incorporating event-critical tokens
into selective policy updates, HTMR effectively
mitigates the misalignment. As shown in Table 1,
HTMR consistently outperforms FTMR across all
datasets and backbone models, improving average
F1 score by 1.4, 1.9 and 0.9 points on Meta-Llama-
3-8B-Instruct, DeepSeek-R1-Distill-Llama-8B and
Qwen3-8B, respectively. These improvements are
typically reflected in balanced gains in both pre-
cision and recall, indicating that HTMR strength-
ens supervision on role labels and argument spans
while still preserving uncertainty-driven explo-
ration at key reasoning steps.

This advantage is also reflected in the optimiza-
tion dynamics. Figure 4 shows the evolution of
policy KL divergence (Kullback and Leibler, 1951)
between the RLVR-updated policy and the refer-
ence policy, where lower values indicate more sta-

@ 9

indicates the dataset is not reported.

ble and consistent policy updates during training.
FTMR exhibits larger and more volatile KL diver-
gence, suggesting overly aggressive updates. In
contrast, HTMR yields lower and smoother KL di-
vergence trajectories across datasets and backbone
models, indicating more controlled policy evolu-
tion. Overall, these results suggest that aligning
selective RLVR updates with event-defining tokens
is critical for effective optimization in EAE. Ap-
pendix E.1 presents the full KL-divergence trajec-
tories for all dataset—-model combinations, while
Appendix E.2 isolates the impact of token selection
by controlling the number of updated tokens.

4.3 Comparison with Recent Work

In answering RQ2, Table 2 compares HTMR with
representative recent methods for EAE. As these
approaches differ in backbone models, training
paradigms and evaluation settings, the comparison
should be viewed as a high-level reference rather
than a strictly controlled benchmark.

Overall, HTMR achieves substantially stronger
performance across ACE05-E, ACEO5-E' and
ERE than previously reported results. Compared
with prompt-only or constraint-based approaches
such as G-PTLM, ChatGPT-IE, Debate-EE and
CAT, HTMR demonstrates the clear advantage of
task-specific post-training. Relative to prior post-
training methods, including supervised adaptation
in Scented-EAE and RLVR-based optimization in
REAR, HTMR further improves performance by
explicitly aligning selective token-level updates
with event-defining structure. These results demon-
strate that task-aware selective RLVR is an effective
and practical approach for improving structured
EAE with LLMs, as it better aligns token-level op-
timization with event-defining structure. All meth-
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Token Selection Strategy | ACE05-E \ ACE05-E* \ ERE \ Average
‘ P(%) R(%) F1(%) ‘ P(%) R(%) F1(%) ‘ P(%) R(%) F1(%) ‘ P(%) R(%) F1(%)

HTMR (p=20%) (Ours) 708 703 705 | 71.0 695 702 | 769 80.8 788 | 729 735 732
FTMR (p=20%) 68.6  68.1 683 | 70.0 682 69.1 | 750 778 764 | 712 714 713
HTMR (p=10%) 672 705 688 | 709 694  70.1 758 749 754 | 713 716 714
FTMR (p=10%) 659 710 684 | 726 672 698 | 72.0 7I.1 715 | 702 69.8  69.9
HTMR (p=30%) 66.7 698 682 | 720 702 711 | 773 753 763 | 720 718 719
FTMR (p=30%) 66.5 677  67.1 679  69.1 685 | 732 778 755 | 692 715 704
Event-critical only 67.1 654 66.2 68.8  68.2 68.5 799 699 746 | 7119 678 69.8
Event-critical N High-entropy | 64.0  68.3 66.1 69.5 66.8 68.1 75.1  70.7 72.8 | 69.5 68.6 69.0
High-entropy + Random 694 693 693 | 71.8 672 694 | 750 753 752 | 72.1 706 713
Event-critical + Random 68.6 683 684 | 694 67.1 682 | 77.0 741 755 | 71.7 698  70.7
Random-only 66.0  69.1 675 | 675 657 66.6 | 683 640  66.1 673 663  66.7

Table 3: Ablation on token selection strategies for RLVR in EAE on DeepSeek-R1-Distill-Llama-8B. p denotes the
top ratio of selected high-entropy tokens, and HTMR selects the union of high-entropy and event-critical tokens.
Random baselines are matched in update budget. Best results are in bold and second-best results are underlined.
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904 70.7 71.8 —
=704
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P~ 60+ =% ACEO5-E (F1) ERE (F1)
ACEO5-E* (F1) ==t== Average (F1)
w/o Warm-up 0 (w/o CoT) 1 3 5 (Ours)

Figure 5: Effect of multi-perspective warm-up under
different settings. “w/o Warm-up” denotes direct RLVR;
x-axis numbers represent the number of perspectives.

ods listed in Table 2 are described in Section 5.

4.4 Ablation Studies

4.4.1 Effect of Multi-Perspective Warm-Up

Regarding RQ3, we analyze the effect of multi-
perspective reasoning warm-up by varying the num-
ber of CoT perspectives. Figure 5 reports results
on DeepSeek-R1-Distill-Llama-8B under differ-
ent warm-up settings. Without supervised warm-
up, performance is substantially degraded, indicat-
ing that RLVR alone is insufficient for structured
EAE. Supervised warm-up without CoT already
improves performance, while CoT reasoning yields
further gains. Performance consistently increases
with the number of perspectives across all datasets.
Specifically, average F1 increases with more per-
spectives and peaks with five CoT perspectives,
indicating that diverse yet schema-consistent warm-
up provides a stronger initialization for RLVR.

4.4.2 Token Selection Strategies for RLVR

In addressing RQ4, we examine token selec-
tion strategies for RLVR in EAE. Table 3 com-
pares entropy-based, structure-based and hybrid ap-

proaches under controlled update budget. Overall,
HTMR consistently performs best, underscoring
the importance of jointly updating high-entropy
and event-critical tokens for RLVR in EAE.

We compare HTMR with FTMR under differ-
ent values of the top-p ratio. HTMR consistently
outperforms FTMR across all values of p, with
the largest gain at p=20%. At smaller ratios
(p=10%), FTMR overemphasizes a narrow set of
high-entropy tokens, while HTMR preserves recall
by explicitly updating event-defining tokens. As
p increases to 30%, the performance gap narrows,
indicating that updating more tokens partially miti-
gates entropy misalignment but reduces selectivity.

We further examine structure-driven and random
baselines to disentangle the sources of improve-
ment. Updating only event-critical tokens yields
reasonable performance on ERE but degrades on
ACE-style datasets, indicating that structural super-
vision alone is insufficient for complex reasoning,
as it ignores high-entropy forking tokens encod-
ing informative intermediate reasoning steps. Se-
lecting the intersection of event-critical and high-
entropy tokens performs worse, as many decisive
event tokens exhibit low entropy once a coherent
event hypothesis is formed. Budget-matched ran-
dom variants consistently underperform HTMR
and purely random selection performs worst, con-
firming that HTMR’s gains arise from principled
alignment between token-level updates and event
structure rather than from updating more tokens.

4.4.3 Prompt Sensitivity: Entity and Trigger

To answer RQ5, we analyze the impact of prompt
components by progressively removing entity men-
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ACE0SE | ACE0SE* |  ERE

Prompt Setting ‘
‘P(%) R(%) Fl(%)‘P(%) R(%) Fl(%)‘P(%) R(%) F1(%)

DeepSeek-R1-Distill-Llama-8B

70.8 703 70.5 |71.0 69.5 70.2
65.2 65.5 65.4 663 66.0 66.2
64.5 64.7 64.6 |65.3 61.2 632

HTMR (full prompt)
w/o entity

76.9 80.8 78.8
71.1 71.1 711
64.5 66.1 653

w/o entity + trigger

Qwen3-8B
70.0 70.8 70.4 |70.7 72.1 714
652 69.5 67.3 |69.8 69.2 69.5
63.1 67.1 650|652 68.2 66.7

HTMR (full prompt)
w/o entity

75.1 795 712
727 73.6 732
64.5 69.0 66.7

w/o entity + trigger

Table 4: Prompt ablation on removing entity and trigger.

tions and trigger information, where w/o denotes
without. Following common LLM-based EAE set-
tings, we treat the w/o entity prompt as the standard
prompt setting. As shown in Table 4, removing en-
tity mentions results in consistent F1 degradation
across datasets and backbones, and further remov-
ing trigger information leads to more severe perfor-
mance drops. This indicates that entity and trigger
cues play a key role in identifying event-critical to-
kens and anchoring hybrid-masked policy updates.
Notably, even under the standard w/o entity setting,
HTMR still outperforms all representative prior
EAE methods reported in Section 4.3.

4.5 Generalization to Other NLP Tasks

As for RQ6, we examine whether HTMR gener-
alizes beyond EAE to other NLP tasks with dif-
ferent prediction structures. We consider Named
Entity Recognition (NER) on WNUT16 (Strauss
et al., 2016) and Relation Classification (RC) on
SemEval (Hendrickx et al., 2010). NER is formu-
lated as a span-level extraction task that requires
identifying entity mentions and their types, while
RC is treated as a sentence-level classification task
that predicts a relation label between two given en-
tities. We report micro-averaged P, R and F1 for
NER, and macro-averaged P, R and F1 together
with Accuracy (Acc) for RC. Detailed experimen-
tal setups, including dataset statistics, verifiable
reward design and task-critical token identification
methods, are provided in Appendix D.2.

Across both backbone models and tasks, HTMR
consistently achieves the best or near-best perfor-
mance, outperforming full-token RLVR and high-
entropy only masking RLVR. Table 5 summarizes
the experimental results. These gains indicate that
hybrid token masking effectively aligns token-level
policy updates with task-defining decisions, even
when the task structure differs from EAE. No-
tably, HTMR improves both extraction-oriented

Method | WNUTI6 (NER) | SemEval (RC)

| P(%) R(%) FL(%)|P(%) R(%) F1(%) Acc(%)

DeepSeek-R1-Distill-Llama-8B
baseline | 18.3 45.1 26.0 | 385 383 315 40.0
SFT 574 469 517 | 665 755 69.5 73.4
DAPO | 56.4 53.1 547 | 755 787 759 71.9
FTMR | 57.0 554 562 | 759 720 73.0 76.6
HTMR | 581 569 575 | 741 818 763 78.7

Qwen3-8B
baseline | 29.6 56.6 389 | 528 60.1 519 60.7
SFT 599 498 544 |705 773 719 74.5

DAPO | 553 564 559 | 755 804 772 71.1
FTMR | 572 565 568 | 804 814 80.6 78.9
HTMR | 59.0 572 581 | 765 839 787 79.5

Table 5: Generalization of HTMR to other NLP tasks.

and classification-oriented tasks, suggesting that
it functions as a plug-and-play enhancement for
RLVR across diverse NLP formulations.

HTMR further yields more stable RL training
than FTMR on both NER and RC, as evidenced
by consistently lower policy KL divergence (Ap-
pendix E.3). This further supports the general appli-
cability of hybrid token masking as a task-agnostic
strategy for stabilizing and improving RLVR.

5 Related Work

We briefly review recent decoder-only LLM ap-
proaches to EAE, focusing on prompting strategies
and post-training methods.

Early LLM-based EAE methods mainly improve
extraction through prompting and constraint-based
reasoning. G-PTLM (Lin et al., 2023) performs
zero-shot EAE by scoring prompt-transformed
passages. It further enforces global constraints
across arguments and events to refine predictions.
ChatGPT-IE (Han et al., 2023) empirically studies
LLMs such as GPT-4 on information extraction.
It highlights both their capabilities and limitations
under prompt-only settings. Debate-EE (Wang and
Huang, 2024) further refines event extraction via an
iterative multi-agent debate process. It incorporates
diverse retrieval and adaptive conformal prediction
without parameter updates. Recently, CAT (Wei
et al., 2025) analyzes preference traps in unsuper-
vised EAE and proposes a two-stage think—choose
framework that mitigates them via prompting and
constrained selection, achieving zero-shot perfor-
mance without parameter updates.

Beyond prompt-only extraction, prior work
either reformulates EAE as structured genera-
tion or introduces post-training signals to im-

19860



prove extraction behavior. Code-centric meth-
ods such as Code4Struct (Wang et al., 2023) and
Code4UIE (Guo et al., 2024) formulate EAE as
code generation with explicit schema constraints,
optionally augmented with retrieval for improved
output validity. RLQG (Hong and Liu, 2024) ap-
plies RL during post-training to optimize question
generation quality in QA-based event extraction.
Post-training has become an effective paradigm
for adapting LLMs more directly to EAE. Scented-
EAE (Yang et al., 2024c) enhances supervised
post-training by explicitly modeling entity-type se-
mantics with stage-customized mechanisms. This
strengthens role—entity alignment. REAR (Luo
et al., 2025) further explores RLVR-based post-
training. It first warms up the model with reasoning-
enhanced supervision and relation-aware support,
and optimizes reasoning trajectories for argument
role disambiguation. FTMR (Wang et al., 2025)
shows that RLVR is dominated by a small fraction
of high-entropy forking tokens and proposes selec-
tively updating policy gradients on these tokens.
Building on this insight, we propose task-aware
selective post-training that aligns entropy-driven
exploration with event schema-critical supervision.

6 Conclusion

In this paper, we proposed HTMR, a task-aware
selective RLVR framework for EAE. HTMR ad-
dresses the mismatch between sequence-level ver-
ifiable rewards and token-level policy optimiza-
tion by restricting policy updates to the union
of high-entropy forking tokens and event-critical
tokens, while using multi-perspective reasoning
warm-up to provide a stronger initialization for
RLVR. Experiments on ACE05-E, ACE05-E™ and
ERE across multiple LLM backbones show that
HTMR consistently outperforms full-token and
entropy-only RLVR baselines, yields more sta-
ble optimization, and transfers effectively to other
structured prediction tasks such as NER and RC.
In the future, we will extend HTMR beyond
sentence-level EAE to document-level settings. We
will develop document-level selective RLVR with
discourse-aware critical token identification and
richer verifiable rewards that capture global event
consistency across a document. More broadly, we
will explore combining HTMR with retrieval or
memory mechanisms and generalizing it to more
complex event understanding problems, such as
joint event extraction and event graph construction.

Limitations

In this work, we focus on sentence-level EAE un-
der commonly used standard benchmark settings
with predefined schemas and deterministic verifiers.
While our experiments show that HTMR general-
i1zes to other structured tasks such as NER and RC,
we do not explore more complex scenarios involv-
ing document-level reasoning, overlapping events,
or dynamically evolving schemas, which remain
interesting directions for future study.

Compared with SFT, RLVR-based post-training
requires higher computational cost, primarily due
to the need for repeated on-policy rollouts during
exploration. Although verifier-based reward com-
putation itself is lightweight, generating multiple
trajectories per input makes RLVR more resource-
intensive than standard SFT, which may limit its
use under strict computational budgets.

Ethical Considerations

This work investigates EAE using LLLMs and pub-
licly available benchmark datasets that have been
widely used in prior natural language processing
research. To the best of our knowledge, the datasets
and pretrained models employed in this study do
not pose additional ethical concerns beyond those
commonly associated with large-scale language
modeling. All experiments are conducted for re-
search purposes and follow standard practices of
academic integrity and responsible reporting. The
proposed approach is intended to advance method-
ological understanding of structured EAE and is
not designed for deployment in safety-critical or
high-stakes real-world applications.
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A Visualization of High-Entropy and
Event-Critical Tokens

Figure 6 presents the complete model-generated
output corresponding to the illustrative example
in Figure 1. For each decoding step, we compute
token-level generation entropy and select the top-
p high-entropy tokens within the batch. In this
visualization, we set p = 20%, consistent with the
main experiments. High-entropy forking tokens are
highlighted with red blocks. Event-critical tokens
are highlighted with blue boxes and include event
types, triggers, role labels and argument spans.
The figure shows a clear but incomplete align-
ment between token-level uncertainty and event-
critical structure. Several event-critical tokens ex-
hibit relatively low entropy once the model estab-
lishes a coherent event hypothesis, indicating con-
fident structural decisions. At the same time, many
high-entropy tokens correspond to intermediate rea-
soning steps, discourse-level phrasing, or local lex-
ical variation that does not directly affect event
argument correctness. This divergence explains
why entropy-based token selection alone may em-
phasize tokens that contribute little to structural
accuracy, and it motivates explicitly incorporating
event-critical tokens into token selection for RLVR.

B RLVR Objectives

This appendix summarizes the RLVR objectives
referenced in the Section 2.2 and 3. To ensure
consistency with the Section 3, we adopt the same
notation as in the paper: x denotes the input sen-
tence (with optional event-related annotations), and
y' denotes the gold structured output. Given z,
the rollout (old) policy g, samples an output se-
quence 0 = (01, . . .,0|o|). At decoding step t, the
token-level importance ratio is defined as:

T, Oi,<t)
x, Oi,<t)

WG(Oi,t

Ty (0it

ri(0) =

®)

For group-based RLVR methods, g, samples
a group of (G responses {oi}Z-G:1 for the same input
x, which are evaluated by a deterministic verifier
to produce scalar rewards {R;}$ ;.

B.1 PPO (Reference Objective)

Proximal Policy Optimization (PPO) (Schulman
et al., 2017) is a classical policy-gradient algorithm
that stabilizes training by constraining policy up-
dates within a trust region defined by clipping. PPO

typically relies on a separate critic (value) network
to estimate advantages.
Its clipped surrogate objective is:

Jopo(0) = E {min (rt(a) Ay, clip(re(6),1 — e,1 + €) At)} 9)

where A, is the advantage estimated by the critic
network and e is the clipping hyperparameter.

Although PPO is widely used, its reliance on a
separate critic model increases GPU VRAM usage
and training complexity, which can be a practical
limitation for RLVR with LLMs under constrained
computational budgets.

B.2 GRPO Objective

Group Relative Policy Optimization (GRPO) (Zhi-
hong Shao, 2024) removes the critic network by
estimating advantages using relative rewards within
a group of sampled responses. For a group of G re-
sponses with rewards { R; }gG:p the group-relative
advantage fl@ is computed as:

Ji— R; — mean({Rj}jG:l)
LT W)
GRPO applies the PPO-style clipped objective at

the group level and adds an explicit KL-divergence
penalty to regularize policy updates:

(10)

G

|0’
1 (i) Ai
Jcreo(0) = E [6 ; ; min (7“,,(9),4,~

(11)

clip(ri(6),1— ¢, 1+ E)A;)] — B E[KL(mg || mret)] ,

where 7i(#) denotes the token-level importance
ratio defined in Eq. 8, and the factor 3 controls the
KL regularization strength.

While GRPO avoids a critic network, the ex-
plicit KL penalty introduces additional sensitivity
to hyperparameter tuning.

B.3 DAPO (Baseline RLVR Optimizer)

Dynamic sAmpling Policy Optimization (DAPO)
algorithm (Yu et al., 2025) further improves GRPO
and serves as the baseline RL optimizer in our
experiments. DAPO incorporates several key en-
hancements: (i) clip-higher for asymmetric clip-
ping, (ii) dynamic sampling to ensure mixed-
quality groups, (iii) token-level policy gradient
loss, and (iv) overlong reward shaping. These
modifications substantially improve training stabil-
ity and empirical performance in RLVR.
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<think> Alright, let’s break this down step-by-step. \

1. **Trigger Anchoring**:

The trigger is **"**, which anchors a *Movement.Transport*| event. Though nominalized, "trips" implies organized journeys
involving movement from one place to another, typically facilitated by an[FAgent*|(e.g., agency), carrying an [*Artifact™|(e.g., tourists),
with specified |*Origin* [and [*Destination*}. Crucially, the verb context (“suspended tourist trips”) indicates a planned or ongoing transport
activity that is being halted, reinforcing the need for roles tied to that motion.

2. **Entity-by-Entity Contrastive Assessment**:
- **"**: Assigned as they are the entities trips, which directly aligns with orchestrating transport.
Their organizational nature fits the role in the template.

- **'"**: Assigned as tourists are the ones being transported, matching the semantic role of the transported entity in
travel contexts.

- *#{Middle Easf]'**: Assigned as [FDestination*|—the phrase “trips to the ’ explicitly marks it as the endpoint of the
intended movement.

- **"Beijing"**: Rejected. While it modifies "agencied" and "travel agencies", it functions as a location descriptor, not an active
participant in transport. [t’s neither [*Origin*|nor * ilestinationf“ of the suspended trips.

- #*'Gulf'** and **"region"**: Rejected. They appear only in “tension heightens in the Gulf region”—a causal context, not part of the
transport structure. No syntactic/or semantic link to.movement roles.

- **"Beijing Youth Daily"**: Rejected. It’s the reporting source, external to the transport event; no causal or participatory link to the

trigger "trips".

3. **Multi-Angle Cross-Validation**:

(a) Grammatically, “trips to the **Middle East}**” confirms FDestination®; “**agenciesf*** govern the noun phrase, suggesting agency.

4. **Narrative Coherence Check**:

5. **Final Synthesis**:

"

","entity": "Middle Eas{"}].
</think>

“json

\ High-entropy Forking Tokens

(b) Semantically, travel agencies are typical EAgrentsﬂ; tourists as [*Artifacts*|is standard in transport events.
(c) Contextually, “Beijing” is adjectival here (“Beijing travel agencies”), not a standalone actor in the movement.

“*%Agencies** suspended trips carrying **fouristf**s to the **Middle East**” forms a coherent transport event narrative.

**Thus, the trigger [Firips¥ activates roles filled by: agencies — FAgent¥, tourist — [FArtifact¥] Middle East — [FDestination®, while

Beijing, Gulf, region, and Beijing Youth Daily are excluded because they lack direct involvement in the transport mechanics defined by

the trigger.** Therefore, the output should be [{"role": "Agent',"entity": "Bgencies|'},{"role": "Artifac]","entity": "fourist'},{"role":
ﬂ

[{"role": '[Agenf","entity": "agencies]'},{"role": "Artifact]’,"entity": 'fourisf'}, {"role": 'Destination]","entity": "Middle Eas{'}]

I:l Event-critical Tokens /

Figure 6: Complete model output for the example in Figure 1. Red blocks denote the top-20% high-entropy forking
tokens, and blue boxes denote event-critical tokens such as event types, triggers, role labels and argument spans.

The DAPO objective used in our work is:
1 G o] L
JIoaro(0) =E | —— Z Z min (ré(@) AL

T
2ici o'l oo

Clip(?“i(@), 1-— €Elows 1+ Ehigh) A;)

12)

)

where 7¢() denotes the token-level importance
ratio defined in Eq. 8, and A% is computed using
the group-relative formulation in Eq. 10.

We choose DAPO as the baseline RL optimizer
in our experiments for both practical and method-
ological reasons. Compared with PPO, DAPO does
not rely on a separate critic network, which sub-
stantially reduces GPU memory consumption and
simplifies the training pipeline. This design choice
is particularly important for RLVR with large lan-
guage models, where token-level policy optimiza-
tion already incurs significant computational over-
head. Compared with GRPO, DAPO incorporates
several additional mechanisms—namely asymmet-
ric clipping (clip-higher), dynamic sampling, token-
level policy gradient normalization, and overlong

reward shaping—that jointly improve optimization
stability and mitigate degenerate update behaviors
under sparse, verifiable rewards. As a result, DAPO
provides a stronger and more reliable optimization
baseline, allowing the effects of selective token
masking in FTMR and HTMR to be evaluated un-
der a stable and well-controlled RLVR framework.

B4 FTMR (Forking Token Masking)

High-Entropy Forking Token Masking RLVR
(FTMR) (Wang et al., 2025) restricts policy-
gradient updates to high-entropy tokens that corre-
spond to major branching decisions in the genera-
tion process. Let H; denote the generation entropy
of token o¢. For a batch B, FTMR selects the top-p
fraction of tokens by entropy, with threshold Tf .
The FTMR objective is:

1 G o'l
O 0t - a1 I H;’ETB .
ol l‘;‘lﬂ[H;zTg];;[ o) 13

min (l}(9)/i;, clip(ri(8),1 — €iow, 1 + emgh)/ﬁ)] .

Thwr(0) =E

where Hj is the token-level generation entropy
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defined in Eq. 2, I[] is the indicator function,
p € (0, 1] controls the proportion of selected high-
entropy tokens within batch B, Tf is the corre-
sponding entropy threshold, 7} () is the token-level
importance ratio defined in Eq. 8, and /l@ denotes
the group-relative advantage computed as in Eq. 10.

B.5 HTMR (Hybrid Token Masking, Ours)

HTMR extends FTMR by incorporating task-aware
event-critical tokens. We define an indicator
Tevent (0%) that equals 1 if o} belongs to an event-
critical span (event type, trigger, role label, or argu-
ment mention), and 0 otherwise.
The hybrid mask is defined as:
mi =1[H > 75] V Teyem(0}).  (14)
Replacing the high-entropy only indicator in
FTMR with m! yields the HTMR objective:

G o

%‘,ZZW?

i
i=1 2at=1" i=1 t=1

TEr(0) =E

(15)

min (TZ(H)AZ, clip(r¢(6), 1 — elow, 1 + ehigh)fii)

where H} denotes the token-level generation en-
tropy defined in Eq. 2, TPB is the entropy threshold
corresponding to the top-p fraction of tokens in
batch B, Teyen(+) indicates whether a token belongs
to an event-critical span, m is the resulting hybrid
token mask, r%(6) is the token-level importance ra-
tio defined in Eq. 8, and fli is the group-relative
advantage computed as in Eq. 10.

Compared with FTMR, HTMR explicitly aligns
selective token-level optimization with both
uncertainty-driven reasoning branches and task-
defining event structure, leading to more stable
and effective RLVR for EAE.

Algorithm 1 summarizes the overall training pro-
cedure of HTMR, including multi-perspective su-
pervised warm-up and hybrid-masked RLVR.

C Multi-Perspective Reasoning Prompts

Table 6 provides a detailed description of the
five reasoning perspectives used in the multi-
perspective supervised warm-up (Section 3.2).
Each perspective enforces full entity coverage and
schema-consistent outputs, while emphasizing a
distinct inductive bias for event understanding. For
reproducibility, the complete prompt templates are
released in our open-source implementation.

Algorithm 1 HTMR Training

Require: Multi-perspective dataset Dy,,, RLVR
dataset Dy, top ratio p, group size G
Ensure: Final policy mg
Stage I: Supervised Warm-Up
1: Train base policy g, on Dy via SFT
2: Initialize 6 < 6y
Stage I1: Hybrid Token Masking RLVR
for each batch B from D, do
for each input x € B do
Rollout {0'}& | ~ ma(- | )
Compute task rewards { R'}&
Compute token entropies {H;} and
group-relative advantages { A}

A

8: Determine entropy threshold Tf

9 Mark event-critical tokens via schema-
based parsing and span matching

10: Construct hybrid token mask m} =
I[H; > TE] V Levent (0f)

11: Update 6 by optimizing the masked

DAPO objective (HTMR objective, in Eq. 7)
12: end for
13: end for
14: return my

D Experimental Setup Details

This appendix provides supplementary details on
the benchmarks and experimental configurations
used in our experiments, complementing the main
descriptions in Section 4.1.

D.1 EAE Benchmarks

We conduct experiments on three benchmark
datasets derived from the widely used ACE2005
corpus (Doddington et al., 2004) and the Rich ERE
dataset (Song et al., 2015). The ACE2005 cor-
pus contains 33 event types and 22 argument roles,
while the ERE dataset defines 38 event types and 21
argument roles. Both datasets provide comprehen-
sive annotations for events, entities and relations,
making them well suited for sentence-level evalua-
tion of EAE. Following established preprocessing
procedures in prior work (Lin et al., 2020; Yang
et al., 2024c¢; Luo et al., 2025), we construct two
standard ACE-based variants, namely ACEO05-E
and ACEO5-E™ and adapt the ERE dataset to a uni-
fied structured generation format. Dataset statistics
for these benchmarks are summarized in Table 7.

ACEO5-E. ACEO5-E is a standard benchmark for
EAE with a closed set of event types and argument
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Reasoning Perspective

Prompt-Derived Reasoning Description

Trigger-centric filtering
Core focus: Trigger semantics as the
primary plausibility filter

This perspective treats the event trigger as the semantic anchor that defines the core
mechanics of the event. Reasoning begins by analyzing the trigger’s action type, direc-
tionality, and affectedness to constrain which semantic roles can logically exist. Each
candidate entity is then evaluated in a contrastive accept-reject manner against role
requirements, with explicit justifications for both assignments and rejections. Role
decisions are cross-validated through grammatical relations to the trigger, semantic
compatibility with the event type, and contextual modifiers. A final narrative reconstruc-
tion step ensures that the selected roles form a coherent and plausible event description.

Role-centric contrastive reasoning
Core focus: Role semantics and inter-
entity comparison

This perspective anchors reasoning in the semantic definitions of event roles specified
by the event template. For each entity, the model simulates its assignment to all
plausible roles and explicitly compares its suitability against competing entities for
the same role. The trigger and its surrounding context are used to disambiguate close
candidates and eliminate semantically invalid pairings. Entities that do not fill any role
are explicitly rejected with role-specific explanations, and the final configuration is
synthesized to maximize global consistency with event semantics.

Linguistic-heuristic analysis
Core focus: Linguistic structure and
discourse prominence

This perspective adopts a forensic linguistic viewpoint, reconstructing event semantics
from syntactic and discourse evidence. The trigger is analyzed as the semantic nucleus,
with attention to tense, voice and dependency structure. Entity candidacy is assessed
based on discourse salience, such as object position and prepositional attachment. Role
assignments are filtered through template expectations and pragmatic event scripts
grounded in world knowledge. All non-assigned entities are explicitly rejected, and a
final coherence check accounts for negation, modality and reported speech.

Cognitive-style reasoning
Core focus: Human-like attention, hy-
pothesis formation and revision

This perspective simulates a human analyst’s cognitive workflow when interpreting an
event description. Reasoning starts with trigger-driven schema activation, followed by
incremental role slot filling as entities are scanned in the sentence. Ambiguous entities
give rise to competing hypotheses, which are evaluated and rejected using contextual
cues such as prepositions, coreference and temporal markers. The sentence is then
re-evaluated holistically to ensure narrative and causal coherence, yielding a final role
assignment that reflects attention shifts and plausibility-driven revision.

Causal-temporal forensics
Core focus: Temporal ordering and
causal consistency

This perspective reconstructs the event by placing the trigger within a local temporal and
causal timeline. Entities are interrogated using a three-lens framework that considers
syntactic position relative to the trigger, semantic compatibility with role definitions
and real-world plausibility. When multiple entities compete for a role, direct contrastive
comparisons are performed to identify the most causally and contextually grounded
assignment. The final role configuration is validated through narrative synthesis and
strict adherence to the event template, avoiding unsupported or extraneous roles.

Table 6: Detailed description of the five reasoning perspectives used for multi-perspective supervised warm-up.
Each perspective emphasizes a distinct inductive bias while enforcing schema-consistent structured outputs.

Dataset Split  #Sents #Entities #Arguments Dataset Split  #Instances #Entity Types #Relations
Train 17,172 20,006 4,895 Train 2,394
ACE05-E  Dev 923 2,451 605 WNUT16  Dev 1,000 10 -
Test 832 3,017 576 Test 3850
. 1921 4 4 Train 6,507
" Train 9.216 7,55 6,607 SemEval Dev 1,493 - 19
ACE05-E*  Dev 901 3.423 759 Tet 2717
Test 676 3,673 689
Train 8,886 22,831 4,372 Table 8: Statistics of the NER and RC datasets.
ERE Dev 720 1,946 378
Test 604 1,621 257
Table 7: Statistics of EAE datasets.
ACE05-E*. ACEO05-E™ extends ACEO5-E by in-

troducing a broader and more fine-grained role in-
ventory, which increases the difficulty of role dis-
ambiguation and schema generalization. The same
evaluation protocol as ACEO5-E is adopted.
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ERE. EREis an event extraction benchmark with
a slightly different ontology and annotation style
from ACE2005. We adapt our output schema to
match the ERE role definitions and adopt the same
evaluation protocol as ACE05-E and ACE05-E™.

D.2 NER and RC Experimental Setup

In addition to EAE, we evaluate HTMR on other
natural language processing tasks, specifically
Named Entity Recognition (NER) and Relation
Classification (RC), to assess its generalization abil-
ity. Specifically, we evaluate on two widely used
benchmarks: WNUT16 (Strauss et al., 2016) for
NER and SemEval-2010 Task 8 (SemEval) (Hen-
drickx et al., 2010) for RC. Both datasets provide
sentence-level annotations and have been exten-
sively used to study structured IE under different
linguistic conditions. Dataset statistics for these
benchmarks are summarized in Table 8.

D.2.1 Datasets

WNUT16. WNUTI6 is a benchmark dataset for
NER on user-generated text, with a predefined set
of 10 entity types. We follow the official train/de-
v/test splits and report micro-averaged precision,
recall and F1 scores under exact span match.

SemEval. SemEval is a widely used relation clas-
sification benchmark with 10,717 annotated sam-
ples, covering nine bidirectional semantic relation
types and a special no_relation category and is
evaluated using classification accuracy and macro-
averaged precision, recall and F1.

D.2.2 Data Processing

We cast both NER and RC into a unified structured
generation format to enable RLVR with verifiable
rewards, consistent with our EAE setup.

NER formatting. For NER, we formulate the
task as structured generation. Given an input
sentence, the model is prompted to generate a
JSON list of extracted entities, where each en-
tity is represented by an entity field containing
the entity mention text and a type field specify-
ing the entity category, e.g., ["entity":"...",
"type":"..."]. Entity mentions are matched to
the input sentence by exact string match, and out-
puts that are not valid JSON or do not conform to
the predefined schema are treated as invalid gener-
ations and counted as incorrect predictions, since
they cannot be parsed for structured evaluation.

RC formatting. For RC, we include the input
sentence in the prompt, where the two target entity
mentions are explicitly marked using special tags
<e1></el1> and <e2></e2> to indicate the subject
and object, respectively. The model is instructed
to generate a JSON object containing a single rela-
tion type, represented by the relation_type field,
e.g., {"relation_type"”: "..."3}. The generated
output is deterministically parsed for reward com-
putation and evaluation, and outputs that are not
valid JSON or do not conform to the predefined
schema are treated as incorrect predictions.

Schema constraints. To ensure stable structured
generation and verifier-based evaluation, we spec-
ify the label ontology and enforce a fixed output
schema at the prompt level. This design is consis-
tent with our EAE setup and facilitates determinis-
tic parsing for reward computation and evaluation.
Additional prompt templates used in our experi-
ments are provided in the released codebase.

D.2.3 Evaluation Protocol

NER metrics. For NER, we adopt the same eval-
uation metrics as in the EAE task. We report micro-
averaged Precision (micro-P), Recall (micro-R) and
F1 score (micro-F1), where a predicted entity is
considered correct if and only if both the entity
mention text and its entity type exactly match a
gold annotation. Predictions are de-duplicated by
(entity, type) pairs before scoring.

RC metrics. For RC, we report macro-averaged
Precision (macro-P), Recall (macro-R) and F1
score (macro-F1) over all relation classes, and addi-
tionally report overall classification accuracy (Acc).
A prediction is considered correct if the generated
relation label exactly matches the gold label.

Decoding and reproducibility. For evaluation,
we use deterministic (greedy) decoding with tem-
perature 0. All reported results are computed on
the official test sets using the same verifier-based
parsing and matching rules as those applied during
training, ensuring full consistency between reward
computation and final evaluation.

D.2.4 Verifiable Rewards for NER and RC

We design task-specific verifiable reward functions
for NER and RC, following the same verifier-based
principle adopted for EAE (Section 3.3), in which
rewards are computed via deterministic parsing
of model outputs and exact comparison between
predicted structured outputs and gold annotations.
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NER reward. For NER, let s denote the model
output string and G denote the gold entity set. We
first check whether the output contains a valid
<think>...</think> segment and whether the pre-
dicted entity list can be successfully parsed under
the predefined JSON schema. If either condition
fails, the reward is zero.

Let P be the parsed predicted entity set, where
each entity is represented as a pair (e, t) of entity
mention text and entity type.

The number of correctly predicted gold entities
is computed using the following matching criterion:

C(P,G) :zw)egn[a () eP: e:e’/\t:t’]. (16)

The final verifiable reward for NER is defined as
the following piecewise function:

' C(P,G) =9
s A [Pl =14, 17
Rer(s,G) = max(“@f%m), ircp,g) >0, (17
0, on exception.

This design assigns full credit only to exact set
matches and provides a smoothed partial reward
otherwise for partially correct predictions.

RC reward. For RC, let s denote the model out-
put string and let * denote the gold relation type.
As in NER, we first require that the output con-
tains a valid <think>...</think> segment and that
a JSON object with a relation_type field can
be parsed from the output. If either of these for-
mat checks fails, the reward is set to zero. Let
r = PARSE(s) denote the predicted relation type.
The verifiable reward for RC is defined as:

1, r=r*
RRc(S,T*) = 0.1, r 75 T’*, (18)
0, on exception.

This sparse reward assigns full credit to exact rela-
tion classification and a small constant reward to
incorrect but well-formed predictions, encourag-
ing structured output while maintaining stable RL
optimization throughout training.

D.2.5 Hybrid Token Masking

NER Hybrid Token Masking. Following the
hybrid token masking strategy described in Sec-
tion 3.3, we construct task-specific hybrid masks
for NER by combining uncertainty-based and

entity-critical signals. For a batch B, the actor
samples a group of G responses {o'}& ;. For each
generated token of, its token-level generation en-
tropy H} is computed, and tokens whose entropy
ranks within the top-p fraction of the batch are
selected as high-entropy tokens.

In parallel, entity-critical tokens are identified
from the parsed structured output. For NER, entity-
critical tokens correspond to both entity mention
texts and entity type labels extracted from the pre-
dicted JSON entity list. These spans are deter-
ministically aligned to the generated response and
marked as entity-critical. We define an indicator
function Lengry (0}) that equals 1 if token o} belongs
to any entity-critical span, and 0 otherwise. The
resulting hybrid token mask is defined as:

mi =1[H} > 75] V Leniy(0}), (19
where Tf’ denotes the entropy threshold for the top-
p fraction of tokens in batch B, with p set to 20%.
The hybrid mask m is then applied in the masked
policy optimization objective in Eq. 7.

RC Hybrid Token Masking. For RC, we fol-
low the same hybrid token masking strategy as in
NER, while adapting the definition of critical to-
kens to relation classification. For a batch B, the
actor samples a group of G responses {0’ }& . For
each generated token o}, its token-level generation
entropy H is computed, and tokens whose entropy
ranks within the top-p fraction of the batch are
selected as high-entropy tokens.

In parallel, relation-critical tokens are identified
from the structured output and the given entity men-
tions. Specifically, relation-critical tokens include
the generated relation type label (i.e., the value of
the relation_type field) as well as the two tar-
get entity mention texts involved in the relation.
These components are deterministically parsed and
aligned to the generated response. We define an
indicator function I (o}) that equals 1 if token o}
belongs to any relation-critical span, and O other-
wise. The resulting hybrid token mask is defined
as the following logical combination:

mi =I[H] > 5] V Ta(o}), (20)
where Tf denotes the entropy threshold for the top-
p fraction of tokens in batch B, with p set to 20%.
The hybrid mask m! is then used in the masked
policy optimization objective in Eq. 7.
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D.3 Experimental Configurations

This section summarizes the key hyperparameters
used across different training stages in our ex-
periments, including multi-perspective supervised
warm-up, reinforcement learning with verifiable
rewards based on DAPO, and its selective variants
FTMR and HTMR. Unless otherwise specified, we
adopt the same optimization and decoding configu-
rations for DAPO, FTMR and HTMR to ensure a
fair comparison, with differences arising only from
the token masking strategy.

For inference and evaluation, we adopt
vLLM (Kwon et al., 2023) as the decoding back-
end to accelerate large-scale generation. vLLM is
a fast and easy-to-use library for large language
model inference and serving, designed to support
high-throughput and memory-efficient decoding.
By leveraging efficient memory management and
PagedAttention, vVLLM enables low-latency and
scalable inference, substantially improving the effi-
ciency of both evaluation and reinforcement learn-
ing rollouts. This design allows us to generate long
responses and multiple samples per prompt without
incurring prohibitive memory overhead.

Training for all experiments is conducted on 4
NVIDIA H20 GPUs, each with 141 GB of mem-
ory, while inference and evaluation for each model
are performed on a single NVIDIA H20 GPU. Our
experiments are conducted on this hardware setup.
Table 9 provides the key training and evaluation hy-
perparameters used in our experiments, along with
their values and definitions. The full configuration
details can be found in our open-source code.

E Supplementary KL-Divergence
Visualizations of Selective RLVR

This appendix presents a detailed KL-divergence
analysis of training dynamics under different se-
lective token masking strategies for RLVR. The
visualizations complement the main results by pro-
viding a fine-grained view of policy stability across
datasets, backbone models and task settings.

The analysis covers three aspects. First, we re-
port complete policy KL-divergence trajectories
corresponding to the summarized trends in the main
paper, enabling a full inspection of temporal train-
ing behavior. Second, we include controlled com-
parisons that match the number of updated tokens
across methods, isolating the effect of token selec-
tion from update budget. Third, we extend the KL-
divergence analysis to tasks beyond event argument

extraction, assessing the generality of the stability
properties of hybrid token masking. All models,
datasets and training configurations follow the se-
tups described in Section 4.1 and Appendix D.

E.1 Complete KL-Divergence Dynamics

Figure 7 presents the complete policy KL-
divergence trajectories that underlie the summa-
rized results in Figure 4. The figure consists of
nine subplots, corresponding to all combinations of
three datasets and three backbone models described
in Section 4.1. In the figure, LLaMA3-8B refers
to Meta-Llama-3-8B-Instruct and D-LLaMA3-8B
refers to DeepSeek-R1-Distill-Llama-8B. Each sub-
plot reports the evolution of policy KL divergence
over training steps for different token masking
strategies, using identical optimization settings.

Across datasets and backbone models, entropy-
only masking with high-entropy Forking Token
Masking RLVR (FTMR) consistently exhibits
larger KL divergence and stronger temporal fluc-
tuations. These patterns indicate more aggressive
and less stable policy updates. In contrast, Hybrid
Token Masking RLVR (HTMR) produces smoother
KL-divergence curves with reduced variance across
training steps. This behavior reflects more con-
trolled policy updates and suggests that prioritizing
event-critical tokens helps constrain policy drift
while preserving effective learning signals.

E.2 Controlling for the Number of Tokens

A potential explanation for the improved training
stability of HTMR is that it may update more
tokens than high-entropy only masking. To iso-
late the effect of token selection from the effect
of token quantity, we conduct a controlled com-
parison under the same experimental setup. We
evaluate three strategies on DeepSeek-R1-Distill-
Llama-8B and Qwen3-8B: FTMR, FTMR aug-
mented with randomly selected tokens and HTMR.
For FTMR+Random, we sample random tokens
to match the total number of tokens optimized by
HTMR, ensuring identical token budgets.

Figure 8 reports the resulting policy KL-
divergence trajectories. Augmenting FTMR with
randomly selected tokens leads to a modest reduc-
tion in KL divergence in some training phases, indi-
cating that increasing the number of updated tokens
can partially smooth policy updates. However, this
effect remains limited and inconsistent, and in cer-
tain settings FTMR+Random exhibits comparable
or even higher KL divergence than FTMR. In con-
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Parameter Value Definition or Explanation
Multi-Perspective Supervised Warm-up
micro_batch_size 2 Number of training examples per GPU before gradient aggregation
gradient_accum 2 Steps of gradients accumulated before parameter updates
batch_size 16 Effective global batch size for supervised warm-up
Ir 1.0e-5 Learning rate for supervised warm-up
maz_length 8192  Maximum input sequence length
epochs 3 Number of supervised warm-up training epochs
Reinforcement Learning with Verifiable Rewards
resp_num 4 Number of responses sampled per prompt during RL rollouts
prompt_max_len 2048  Maximum prompt length during RL optimization
response_mazx_len 4096  Maximum response length during RL optimization
data_truncation left Truncation side for overlength inputs
rl_lr 2.0e-6  Learning rate for policy optimization in RL
lr_warmup_steps 10 Number of warm-up steps for RL learning rate
weight_decay 0.1 Weight decay applied during RL optimization
clip_ratio_low 0.2 Lower clipping threshold for DAPO-style updates
clip_ratio_high 0.28  Upper clipping threshold for DAPO-style updates
clip_ratio_c 10.0  Lower bound constant for Dual-clip ratio clipping
use_kl_in_reward False  Disable in-reward KL penalty
use_kl_loss True  Enable KL divergence as an explicit loss term in actor optimization
kl_loss_coef 0.1 Coefficient of the KL loss term
train_batch_size 8 Prompt-level batch size for policy updates
gen_batch_size 32 Batch size for response generation during rollouts
ppo_mini_batch_size 32 Mini-batch size for policy updates
max_num_gen_batches 2 Maximum number of generation batches used for group construction / filtering
use_remove_padding True  Enable padding removal for efficiency in model forward / log-prob computation
use_dynamic_bsz True  Enable dynamic batch sizing for actor / rollout / reference log-prob computation
temperature 0.9 Sampling temperature during RL rollouts
top_p 0.95  Nucleus sampling threshold during RL rollouts
grad_clip 1.0 Gradient clipping threshold during RL optimization
epochs 3 Number of RLVR training epochs
Model Inference and Evaluation
do_sample False  Deterministic decoding for evaluation
temperature 0.01 Near-deterministic decoding temperature for evaluation
top_p 1.0 Nucleus sampling threshold during evaluation
seed 42 Random seed for reproducible generation
n 1 Number of generated outputs per prompt during evaluation
best_of 1 Number of candidates considered before selecting the final output
repetition_penalty 1.0 Repetition penalty factor
max_tokens 8192  Maximum number of tokens generated per output during evaluation

Table 9: The hyperparameters used in our experiment.
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KL Divergence vs Step: FTMR vs HTMR per Dataset x Model
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Figure 7: Complete policy KL-divergence training curves for all datasets and backbone models described in
Section 4.1, providing the full experimental records underlying the summarized trends shown in Figure 4.

KL Divergence vs Step: FTMR vs FTMR + Random tokens vs HTMR (per Dataset x Model)
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Figure 8: Policy KL-divergence trajectories for FTMR, FTMR augmented with randomly selected tokens
(FTMR+Random Tokens), and HTMR on DeepSeek-R1-Distill-Llama-8B and Qwen3-8B. FTMR+Random Tokens
matches HTMR in the number of optimized tokens, isolating the effect of token selection from token count.

trast, HTMR consistently produces the smoothest
and lowest-variance KL-divergence curves across
both backbone models. These results indicate that
training stability does not primarily stem from up-
dating more tokens, but from selectively prioritiz-
ing event-critical tokens during RLVR.

E.3 Cross-Task KL-Divergence Dynamics

Figure 9 extends our KL-divergence analy-
sis beyond event argument extraction to addi-

tional Natural Language Processing (NLP) tasks,
namely Named Entity Recognition (NER) on
WNUT16 (Strauss et al., 2016) and Relation Classi-
fication (RC) on SemEval (Hendrickx et al., 2010).
These tasks differ substantially from EAE in both
output structure and supervision granularity, pro-
viding a complementary testbed for examining
whether the stability advantages of hybrid token
masking persist across task formulations.

The figure reports policy KL divergence over
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KL Divergence vs Step: FTMR vs HTMR (WNUT16 & SemEval)
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Figure 9: Policy KL-divergence trajectories of FTMR and HTMR on additional NLP tasks. The top row reports
results on NER using WNUT16, and the bottom row reports results on RC using SemEval. HTMR consistently
yields lower KL divergence than high-entropy only FTMR across tasks and backbone models.

training steps for two backbone models, DeepSeek-
R1-Distill-Llama-8B and Qwen3-8B, comparing
high-entropy only masking (FTMR) with hybrid to-
ken masking (HTMR). Across all task-model com-
binations, HTMR consistently yields lower KL di-
vergence than FTMR, indicating more stable policy
updates. This trend holds for both span-structured
prediction in NER and label-structured prediction
in RC, despite their different task formulations.
Overall, these results suggest that anchoring se-
lective policy updates to task-critical tokens leads
to more controlled optimization under RLVR, and
that this effect generalizes beyond EAE.
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