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Abstract

Event Argument Extraction (EAE) aims to ex-
tract arguments for specified events from a text.
Previous prompt-based research has mainly fo-
cused on designing static role anchors, effec-
tively modeling general semantics but over-
looking the geometric rigidity of these repre-
sentations: (i) they failed to capture the di-
verse manifold structure of real-world seman-
tic distributions and (ii) they lacked the flexi-
bility to adapt to instance-specific reasoning
contexts. To bridge the gap between static
parameters and dynamic contexts, we intro-
duce a new framework named LAMPEAE,
which reformulates EAE as a dynamic man-
ifold matching problem via adaptive param-
eter instantiation. Specifically, we employ a
neuro-symbolic approach that utilizes a frozen
LLM to extract high-order reasoning priors. A
lightweight hypernetwork then maps this meta-
knowledge into low-rank geometric transfor-
mation matrices, which dynamically project
original static prompts into instance-specific
probes. This mechanism ensures precise se-
mantic alignment within the continuous param-
eter space. Experimental results on the RAMS,
ACE05, and WikiEvents benchmarks show that
LAMPEAE achieves competitive performance
across all three benchmarks, attaining the best
Arg-C result on RAMS among the compared
systems.

1 Introduction

Event Argument Extraction (EAE) aims to iden-
tify entity mentions that fulfill specific roles for
event triggers (Huang et al., 2024). Early neural ap-
proaches to EAE typically treated argument roles as
discrete labels within classification or structured ex-
traction architectures (Chen et al., 2015; Lin et al.,
2020). Subsequent QA/MRC-based approaches re-
formulated EAE as question answering (Du and
Cardie, 2020; Liu et al., 2020; Uddin et al., 2024),
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Figure 1: Examples of event argument extraction. Trig-
ger words are included in special tokens <t> and </t>.
Underlined words denote arguments and arcs denote
roles.

transforming roles into natural language queries
to leverage the semantic priors of Pre-trained Lan-
guage Models (PLMs). However, this semantic
alignment often incurs a severe efficiency bottle-
neck: since QA-based methods typically require
separate document encodings for each role, they
suffer from prohibitive computational latency, re-
stricting their applicability in real-time document-
level extraction (Li et al., 2020; Liu et al., 2023).

Currently, generation-based and prompt-based
paradigms dominate the field. For example, DE-
GREE (Hsu et al., 2022) formalized EAE as a con-
ditional generation task, exploiting the generative
prowess of LLMs (Lin et al., 2025). PAIE (Ma
et al., 2022) proposed a prompt-based method that
extracts arguments via slot filling, significantly im-
proving data efficiency. Building on this, TabEAE
(He et al., 2023) extended prompt-based models
into a non-autoregressive framework to capture
event cooccurrence relationships and parallelize
argument extraction. These approaches achieve
a superior balance between performance and ef-
ficiency. However, these methods overlooked a
critical inductive bias: the significant intra-class
variance inherent within argument roles. Exist-
ing prompt-based models typically rely on static
anchors, which force the model to fit a single ge-
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ometric centroid. We argue that this represents a
form of geometric rigidity: a fixed vector can only
represent the "average" semantics of a role, failing
to align with the fragmented and diverse instances
found in real-world contexts. As shown in Figure 1,
while multi-prototype frameworks like HMPEAE
(Zhang et al., 2024a) attempt to address these dis-
crepancies, their discrete nature inevitably leaves
coverage vacuums—intermediate semantic regions
between finite centers that the model cannot repre-
sent.

Grounded in the manifold hypothesis (Bengio
et al., 2013), we argue that semantic drift such
as a Target role shifting from a specific person to
a complex infrastructure is characterized by high
anisotropy and continuity (Ethayarajh, 2019). Con-
sequently, argument roles are better modeled as
continuous trajectories on a semantic manifold
(Chronis and Erk, 2020) rather than static, isolated
points. Such a manifold allows the model to cap-
ture the smooth transition of role meanings across
different contexts, ensuring that instance specific
nuances are not lost to the rigidity of fixed parame-
ters. To implement Dynamic Manifold Matching
efficiently, we propose LAMPEAE, addressing
previous limitations via uncertainty-based dynamic
gating and hypernetwork-driven manifold projec-
tion. Built upon the PAIE backbone, LAMPEAE
transforms static prompt embeddings into instance-
specific representations based on inference con-
text. We formulate this as a dynamic manifold
matching problem, utilizing low-rank constraints
to minimize parameter redundancy. This process
effectively learns a continuous function that warps
static anchors along context trajectories, enabling
precise instance level alignment within the embed-
ding space. Our contributions are summarized as
follows:

• We challenge the Static Parameterization Hy-
pothesis—the flawed assumption of fixed ar-
gument roles—by modeling argument seman-
tics as continuous drifts. By replacing discrete
prototypes with a dynamic manifold projec-
tion, LAMPEAE effectively captures intra-
class variance in complex, long-tail scenarios.

• We introduce a Neuro-symbolic hypernet-
work to enable instance-specific probe gener-
ation. This mechanism dynamically instanti-
ates probes based on document-level contexts,
directly bridging semantic coverage vacuums

in the parameter space and optimizing rep-
resentation learning for heterogeneous event
structures.

• LAMPEAE achieves competitive results on
RAMS, ACE05, and WikiEvents (54.5%,
74.1%, and 66.9% Arg-C F1), obtaining the
best Arg-C result on RAMS among the com-
pared systems. Significant gains on long-
range dependencies and complex samples ro-
bustly validate the superiority of our dynamic
manifold matching over conventional static
architectures.

2 Method

Following prior studies (Ma et al., 2022; He et al.,
2023), we build LAMPEAE upon the prompt-
based span selection paradigm. Figure 2 illustrates
the overall architecture, which introduces a Dy-
namic Manifold Matching mechanism to tran-
scend the limitations of static role anchors.

2.1 Problem Formulation

We formulate Event Argument Extraction (EAE)
as a prompt-based span extraction task. Given a
document D = {w1, . . . , wN} and an event trigger
t with roles Re = {r1, . . . , rK}, the goal is to
extract argument spans A = {(r, s, e)}, where s
and e denote the start and end indices.
Static Role Probing. Traditional methods typically
initialize a learnable static embedding matrix P ∈
RK×d as role anchors. The extraction probability
for role rk is determined by the interaction between
the context HD and the anchor pk ∈ P:

P (s, e|rk) =
∏︂

i∈{s,e}
Softmax(HDWip

T
k ) (1)

where Ws,e are globally shared projection weights.
As these weights are instance-invariant, the model
implicitly treats roles as fixed geometric centers,
struggling to adapt to long-tail distributions charac-
terized by significant semantic drifts.
Dynamic Manifold Probing. To address this, we
reformulate EAE as a dynamic manifold matching
problem. We hypothesize that the optimal role an-
chor is a function of the instance-specific reasoning
context z ∈ Z . We define a conditional mapping
Fϕ : Z → Rd×d that dynamically transforms the
static anchor pk into an Instance-Specific Probe
p′k(z):

p′k(z) = pk · Fϕ(z) + pk (2)
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Figure 2: The overall architecture of the proposed LAMPEAE framework. The process consists of three distinct
phases: (1) Neuro-Symbolic Reasoning Engine: A frozen LLM extracts high-order implicit reasoning context
(z) from the input document and schema-aware prompts; (2) Riemannian Manifold Alignment: The static role
anchor (P0) is dynamically projected onto the tangent space via Low-Rank Approximation (Modules U & V) to
generate an instance-specific probe (P ∗); (3) Prediction Head: The dynamic probe is utilized to compute start and
end logits for precise argument span extraction.

where the residual connection ensures transforma-
tion stability. The final extraction objective is refor-
mulated as:

ˆ︁A = argmax
A

∑︂

(k,s,e)∈A
log Score(HD, p′k(z)) (3)

Geometrically, this mechanism enables continuous
semantic interpolation. Unlike discrete prototypes
that cover limited typical semantics, LAMPEAE’s
dynamic transformation allows probes to traverse
along the manifold trajectory, precisely capturing
intermediate states or hybrid samples in long-tail
semantic regions.

2.2 Neuro-Symbolic Reasoning Engine
This module distills high-order implicit logic from
the document into differentiable neural signals to
drive parameter transformation. The process con-
sists of three stages: reasoning prompt construction,
trajectory distillation, and semantic alignment.
Reasoning Prompt Construction. We design a
meta-cognitive reasoning instruction T to induce
the LLM to analyze the latent semantic attributes
of argument roles rather than performing direct
extraction.

Unlike the reinforced reasoning optimization em-
ployed by REAR (Luo et al., 2025), LAMPEAE
emphasizes mapping these reasoning priors directly
into the geometric manifold space. Given docu-
ment D, trigger t, and event type e, the input se-
quence Xsym is formalized as:

Xsym = [CLS]⊕D⊕ [SEP ]⊕Treason(t, e) (4)

where Treason is a structured prompt function. This
design forces the model to explicitly attend to role-
specific deep semantic features—such as entity
properties and directional relationships—during
the forward pass.
Reasoning Trajectory Distillation. To ensure ef-
ficiency, we bypass auto-regressive decoding and
employ a single forward pass to obtain the last-
layer hidden states HL:

HL = LLMΘ(Xsym) (5)

We then apply attention-mask mean pooling over
the last-layer hidden states:

hpool =

∑︁
imiH

L
i∑︁

imi
(6)

where mi is the attention mask for token i. The
pooled representation hpool serves as a high-
dimensional representation of the implicit reason-
ing logic.
Semantic Alignment. To mitigate the Manifold
Heterogeneity between the LLM feature space
and the EAE backbone, we introduce a Seman-
tic Bottleneck Layer as a task-aware projector.
The pooled representation hpool is projected into
the task-specific reasoning context zsym ∈ Rd:

zsym = LayerNorm(σ(hpoolWp + bp)) (7)

where Wp ∈ Rdllm×d. We denote this projected
task-specific context by z in subsequent sections.
This alignment filters out general-purpose redun-
dancy from the LLM, retaining only the neural
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context required to warp the static anchors along
the context-driven manifold trajectories.

2.3 Tangent Space Projection via Low-Rank
Approximation

To rigorously model the dynamic matching, we
treat the semantic embedding space as a Rieman-
nian Manifold M, where the static anchor pk ∈ M
serves as the initial coordinate. Rather than rely-
ing on a purely abstract assumption, we argue that
semantic drift in EAE aligns with the Manifold
Hypothesis: the instance-specific variations of role
k reside on a low-dimensional topological struc-
ture embedded within the high-dimensional embed-
ding space. Our goal is to derive a geodesic path
driven by the context z that moves pk to an instance-
specific location p′k(z). This involves generating
a tangent vector in TpkM and mapping it back to
the manifold via Retraction. The full procedure is
detailed in Algorithm 1.
Low-Rank Tangent Vector Generation. The se-
mantic drift driven by z is represented as a tan-
gent vector ξk,z ∈ TpkM. While any displace-
ment can be described via a linear transformation
W(z) ∈ Rd×d as ξk,z = pk ·W(z), directly learn-
ing W(z) is an ill-posed problem prone to overfit-
ting due to high parameter redundancy.

Grounded in the low intrinsic dimensionality of
pre-trained models and the Eckart-Young-Mirsky
Theorem, we posit that effective semantic shifts
are concentrated in a low-dimensional subspace of
the tangent bundle. Thus, we approximate W(z)
using a low-rank decomposition of rank r ≪ d
to perform geometric regularization. The supe-
rior performance of our low-rank constraint over
higher-rank alternatives—validated by the perfor-
mance peak at r = 32—empirically confirms that
the instance-specific semantic drift adheres to a
low-dimensional manifold structure rather than ar-
bitrary high-dimensional noise.

In practice, our hypernetwork predicts the sin-
gular bases A(z),B(z) ∈ Rd×r to compute the
tangent vector:

ξk,z = pk · (A(z)B(z)T ) (8)

This low-rank manifold constraint compels the se-
mantic drift to occur along r principal directions,
effectively filtering out high-dimensional noise and
ensuring the dynamic probe remains within a stable,
task-relevant semantic region.
Manifold Retraction and Update. To map the
update from the tangent space back to M, we ap-

proximate the riemannian exponential map using a
first-order retraction Rpk :

Rpk(ξk,z)
∆
= pk + γ · ξk,z (9)

where γ is a learnable retraction gate controlling
the magnitude of instance-conditioned probe move-
ment. To ensure the updated probe remains on
a stable manifold surface, we incorporate Layer
Normalization to maintain geometric validity and
prevent semantic divergence. The final dynamic
probe is formulated as:

p′k(z) = LayerNorm(pk + γ · (pk ·A(z)B(z)T ))
(10)

Geometrically, this operation projects context z
onto the tangent space of role k and transports
the anchor along the learned manifold trajectory,
warping the static representation to the instance-
specific semantic region.

2.4 Manifold Regularization and Span
Extraction

We utilize a pre-trained BART-Encoder to obtain
context representations HD. In LAMPEAE, the
traditional static query for role k is replaced by the
instance-specific probe p′k(z) derived in Section
2.3. Formally, the span scoring logits are defined
as:

Logitsk(z) = HD · (p′k(z) ◦Wproj)
T (11)

where ◦ denotes the element-wise product. To han-
dle multiple arguments per role and ensure permu-
tation invariance, we employ bipartite matching via
the Hungarian algorithm to determine the optimal
assignment σ∗ between predicted and ground-truth
spans.
Dynamic Span Extraction Loss. We define
the span selection probability using a normalized
energy-based formulation. For role k, let u(s)

k (z) =
p′k(z) ◦ w(s) be the dynamic start selector. The
probability of the i-th token being the start index
is:

P
(start)
k (i|z) = exp(hi · u(s)

k (z)T )
∑︁N

j=1 exp(hj · u
(s)
k (z)T )

(12)

The end position probability P
(end)
k is computed

analogously. The primary task loss Lspan is the
negative log-likelihood of the ground-truth spans
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A∗:

Lspan = − 1

|A∗|
∑︂

(k,s,e)∈A∗

[︁
logP

(start)
k (s|z)

+ logP
(end)
k (e|z)

]︁
(13)

Manifold Orthogonality Regularization. To en-
force inter-role discriminability while probes tra-
verse the manifold, we introduce an orthogonality
loss to minimize the squared cosine similarity be-
tween distinct dynamic probes:

Lorth =

K∑︂

i=1

∑︂

j ̸=i

(︄
p′i(z) · p′j(z)

∥p′i(z)∥2 · ∥p′j(z)∥2
+ ϵ

)︄2

(14)
By pushing probes toward mutual orthogonality,
we maximize the inter-role margin in the dynamic
embedding space. This prevents semantic confu-
sion between functionally distinct roles that might
otherwise drift into overlapping regions during
instance-level adaptation.
Magnitude Constraint. To ensure geometric sta-
bility and prevent the dynamic probe from diverg-
ing from the learned manifold structure, we con-
strain the displacement magnitude ∆pk = p′k(z)−
pk within a local neighborhood δ:

Lnorm =
1

K

K∑︂

k=1

max(0, ∥∆pk∥2 − δ) (15)

This ensures the dynamic warping remains geo-
metrically valid on the manifold surface, keeping
the probe anchored by global role priors even in
complex document-level contexts.
Total Objective. The final training objective J
balances extraction accuracy and geometric stabil-
ity:

J = Lspan + λ1Lorth + λ2Lnorm (16)

where λ1, λ2 are balancing hyperparameters.

3 Experiment

We design experiments to address the following
four research questions, structured to validate both
the empirical effectiveness and the theoretical foun-
dation of LAMPEAE:
RQ1 (Performance Superiority): Can dynamic
manifold matching significantly outperform state-
of-the-art static baselines across diverse Event Ar-
gument Extraction benchmarks?

RQ2 (Manifold Validation & Coverage): Can
we empirically prove that event semantics adhere
to the manifold hypothesis, and does our continu-
ous interpolation successfully resolve the semantic
coverage vacuum?
RQ3 (Universality & Generalization): Is the
proposed dynamic manifold matching architecture
model-agnostic across different LLMs and applica-
ble to other Information Extraction (IE) tasks?
RQ4 (Constraint Mechanics & Safety): Does
the introduction of manifold-based geometric pri-
ors effectively mitigate representation collapse and
suppress the stochastic noise inherent in LLM-
integrated reasoning?

3.1 Experimental Settings
Datasets and Metrics. We evaluate on three
datasets: RAMS (Ebner et al., 2020), WikiEvents
(Li et al., 2021), and ACE05 (Walker et al., 2006);
statistics are provided in Appendix B. Following
(Ma et al., 2022), we report Argument Identifica-
tion (Arg-I) and Classification (Arg-C) F1. Arg-I
measures boundary accuracy, while Arg-C requires
exact role matches.
Implementation Details. See Appendix C for im-
plementation details of LAMPEAE.
Baselines. We compare LAMPEAE against di-
verse state-of-the-art baselines categorized into
four paradigms: (1) Graph-based models, e.g.,
OneIE (Lin et al., 2020); (2) QA-based mod-
els, e.g., EEQA (Du and Cardie, 2020) (imple-
mented as EEQA-BART with a BART-large back-
bone for fair comparison); (3) Generative and
Prompt-based methods, e.g., BART-Gen (Li et al.,
2021), TabEAE (He et al., 2023), TSAR (Xu et al.,
2022), PAIE (Ma et al., 2022), GEMS (Lin et al.,
2025), and DEGAP (Wang et al., 2025); and (4)
Prototype-based models, e.g., HMPEAE (Zhang
et al., 2024a).

3.2 Main Results
Table 1 evaluates LAMPEAE against state-of-the-
art baselines. On the RAMS dataset, our model
achieves 54.5% Arg-C F1, outperforming DEGAP
(Wang et al., 2025). The performance gain on
RAMS—characterized by severe semantic drift
in long-range contexts—validates that modeling
roles as continuous manifold trajectories effec-
tively fills the semantic coverage vacuum where
discrete prototypes struggle to generalize. This sug-
gests that the manifold acts as a geometric bridge,
maintaining role coherence across distant spans.
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Model PLM RAMS 1.0 WikiEvents ACE05

Arg-I Arg-C Arg-I Arg-C Arg-I Arg-C

OneIE (Lin et al., 2020) BERT-b - - - - 65.9 59.2
BERT-l - - - - 73.2 69.3

EEQA* (Du and Cardie, 2020) BERT-b 46.4 44.0 54.3 53.1 68.2 65.4
BERT-l 48.7 46.7 56.9 54.5 70.5 68.9

BART-Gen (Li et al., 2021) BART-b 50.9 44.9 47.5 41.7 59.6 55.0
BART-l 51.2 47.1 66.8 62.4 69.9 66.7

TSAR (Xu et al., 2022) RoBERTa 57.0 52.1 71.1 65.8 - -
PAIE* (Ma et al., 2022) BART-b 54.3 48.7 68.8 62.4 72.8 69.3

BART-l 56.9 52.8 69.7 65.2 75.9 72.5
TabEAE* (He et al., 2023) RoBERTa 57.2 53.2 69.8 63.7 75.9 73.4
HMPEAE (Zhang et al., 2024a) RoBERTa 58.6 53.7 72.1 66.6 - -
GEMS (Lin et al., 2025) - - - - - - 74.6
DEGAP (Wang et al., 2025) RoBERTa 58.5 54.2 72.2 67.1 76.6 74.4

LAMPEAE (Ours) BART-b 55.5 50.2 69.2 63.1 73.1 70.2
BART-l 59.3 54.5 71.8 66.9 76.2 74.1

Table 1: Main Results on RAMS 1.0, WikiEvents, and ACE05. Arg-I/C: Argument Identification/Classification
F1. *: Reproduced via official codebases. Bold and underline: best and second-best results. –: Not reported.
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Figure 3: Comparison of role representations. Com-
pared to the diffuse distribution in the ablation variant
(a), LAMPEAE (b) projects representations onto struc-
tured manifold paths.

On WikiEvents and ACE05, LAMPEAE remains
highly competitive (66.9% and 74.1% Arg-C) with
recent strong baselines, including the multi-prompt
generation framework GEMS (Lin et al., 2025).
We argue that overcoming the geometric rigidity
of representations via one-step manifold projec-
tion is a more fundamental and efficient bottleneck
than adding procedural complexity. Furthermore,
our model’s high data efficiency (surpassing full-
resource baselines with 20% data, Appendix H)
indicates that manifold constraints provide a struc-
tured geometric prior, significantly reducing the
search space for role identification in low-resource
settings.

Model Arg-I Arg-C

LAMPEAE (BART-large) 59.3 54.5
w/o LLM Features 56.2 53.1
w/o Manifold Projection 57.1 52.6
w/o LLM Prompt 57.9 53.4

Baseline 55.8 50.7

Table 2: Ablation study of LAMPEAE on the RAMS
dataset.

3.3 Validation of the Manifold Hypothesis

The t-SNE visualization (Figure 3) confirms that
event representations inherently possess latent man-
ifold geometry, with role semantics evolving along
continuous Manifold Paths. This qualitative shift
is substantiated by the massive disparity between
the ambient space (damb = 768) and the low aver-
age intrinsic dimensionality (dint = 4.30) reported
in Appendix G. As shown in Table 9, the fact that
even complex roles (e.g., place, ID ≈ 9.6) reside
on a fraction of original dimensions proves that
event data follows a low-rank geometric backbone.
By aligning with this intrinsic structure, LAM-
PEAE successfully resolves the semantic vacuum
amidst representation sparsity.

3.4 Ablation Studies

Table 2 targets three core dimensions
(see Appendix E for extensive results on
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(c) Span Error

Figure 4: Fine-grained Error Analysis. We visualize the distribution of error counts (per 50 samples) across three
categories: (a) Missing Argument, (b) Extra Argument, and (c) Span Error. LAMPEAE (Blue) demonstrates a
superior trade-off compared to ablation variants (Yellow/Purple), maintaining low hallucination rates (Extra Arg)
while ensuring high recall (Missing Arg).

WikiEvents/ACE05): (1) LLM Features: Replac-
ing LLM semantics with BERT causes significant
degradation, proving that extensive open-world
knowledge is the requisite semantic material for
grounding role-specific reasoning. (2) Manifold
Projection: Substituting our projection with stan-
dard cross-attention removes subspace constraints,
leading to feature divergence. This confirms that
geometric alignment is more vital than procedural
complexity for bridging heterogeneous semantic
gaps. (3) LLM Prompt: The failure of generic
prompts identifies role-specific reasoning as the
requisite trigger to instantiate instance-specific
manifolds. Collectively, these results confirm that
resolving geometric rigidity requires both high-
capacity reasoning priors and structural manifold
constraints. Furthermore, while Qwen-7B is our
default backbone due to its superior reasoning
density, LAMPEAE is inherently model-agnostic.
As analyzed in Appendix J, the manifold mecha-
nism ensures consistent performance gains across
diverse open-source LLMs (e.g., Llama-3, Mistral),
confirming that our framework successfully distills
universal reasoning trajectories regardless of the
specific upstream scale.

A controlled comparison isolating instance-
conditioned adaptation from the structured low-
rank update is provided in Appendix E.

4 Model Analysis

Error Diagnostics and Efficiency. LAMPEAE
significantly reduces missing argument errors while
maintaining a low extra argument rate (Figure 4),
confirming that our manifold constraint effectively
suppresses hallucinations by filtering stochastic

Metric PAIE Ours Gain (∆)

d: Short 61.4 63.2 +1.8
d: Medium 44.3 48.4 +4.1
d: Long 32.0 35.2 +3.2

Overall F1 52.8 54.5 +1.7

Trainable Param 406M 408M +2M
Inference Lat. 142ms 174ms +32ms

Table 3: Performance and Efficiency on RAMS. Arg-
C F1 (%); Param: parameters; Lat.: document latency.
Distances d: Short (d < 5), Medium (5 ≤ d < 15), and
Long (d ≥ 15).

noise. Performance gains are most pronounced
in long-range intervals (+3.2 in Table 3), where
the geometric anchor preserves structural coher-
ence against semantic drift. This performance
is achieved with negligible parameter overhead
(∼2M) and manageable latency (+32ms), striking
an optimal balance between reasoning depth and
deployment efficiency.
Structural Sensitivity and Stability. Manifold
weights λ1, λ2 and rank r = 32 (Figure 5) are criti-
cal for balancing representation capacity and noise
suppression. Specifically, λ1 prevents feature col-
lapse, while λ2 ensures scale invariance during
gradient propagation (Appendix F.1). Furthermore,
the steady convergence within 8,000 steps (Ap-
pendix F) demonstrates that the low-rank mani-
fold acts as a geometric regularizer, mitigating the
high-dimensional overfitting risks typical of uncon-
strained prompt tuning.
Mechanistic Insights and Generalization. The
positive correlation between gate activation γ and
trigger-argument distance (Appendix F.3), provides
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Figure 5: Ablation study of manifold rank r on
WikiEvents. The main plot shows the training dynam-
ics across rank settings, while the inset (bottom-right)
highlights the final convergence phase (11k–15k steps).

Model Paradigm NER RE EE

Vanilla FT 91.2 68.5 48.1
ICL 91.5 69.1 48.8
PEFT-EE (e.g., LoRA) 92.1 70.4 50.2

LAMPEAE 92.5 71.8 54.5
Absolute Gain (∆) +0.4 +1.4 +4.3

Table 4: Cross-task F1 (%) performance. NER, RE, and
EE are evaluated on CoNLL-2003 (Tjong Kim Sang
and De Meulder, 2003), TACRED (Zhang et al., 2017),
and RAMS datasets, respectively.

empirical evidence for the semantic vacuum hy-
pothesis: LAMPEAE autonomously invokes deep
manifold reasoning as local contextual cues vanish.
Finally, the consistent gains across NER and RE in
Table 4 prove that resolving representation rigidity
via geometric alignment is a universal requirement
for diverse IE paradigms, particularly when scaling
to complex document-level extraction.

5 Case Study

Figure 10 showcases LAMPEAE resolving repre-
sentation rigidity. While static baselines misiden-
tify Turkey as the Target due to frequentist bias,
our dynamic probes correctly classify it as Place
by capturing the directional semantic trajectory.
This confirms our model’s capacity to bridge the
semantic vacuum where fixed anchors fail to dis-
ambiguate complex, instance-specific contexts.

6 Related Work

6.1 Event Argument Extraction

EAE has evolved from early classification and
structured extraction approaches (Chen et al., 2015;
Lin et al., 2020) to QA/MRC-based formulations

(Du and Cardie, 2020; Liu et al., 2020; Uddin et al.,
2024) that formulate argument extraction through
role- or context-specific questions. To overcome
per-role encoding latency, prompt-based models
like PAIE (Ma et al., 2022) and TabEAE (He et al.,
2023) enable parallel extraction. Recent work fur-
ther improves EAE through tripartite in-context
selection (Fu et al., 2024), hierarchical LLM-based
modeling (Zhang et al., 2024b), adaptive prefixes
(Wang et al., 2025), joint graph-based event mod-
eling (Wan et al., 2023), and hierarchical rule opti-
mization (Zuo et al., 2025). Despite these advances,
explicitly modeling instance-specific continuous
variation in argument-role representations remains
underexplored.

6.2 Hypernetworks

The concept of hypernetworks was first introduced
by Ha et al. (2017). The key idea is to use a
smaller auxiliary network to dynamically gener-
ate the weight parameters for another primary net-
work, which can be viewed as a form of meta-
learning, enabling the model to adapt its process-
ing behavior to changing input conditions, which
can greatly enhance expressiveness and flexibility
without increasing the inference-time computation
of the main network. Recently, full fine-tuning
has become increasingly impractical. Houlsby
et al. (2019) propose adapter layers, pioneering
parameter-efficient fine-tuning (PEFT). Building
on this foundation, researchers have begun com-
bining hypernetworks with PEFT. Representative
works such as Hyperformer (Karimi Mahabadi
et al., 2021) and HyperPrompt (He et al., 2022)
use hypernetworks to condition on a task ID or do-
main embedding to dynamically generate adapter
parameters or prompt vectors.

Unlike dynamic prompt tuning, which adapts
input-side prompt tokens, and hypernetwork-
based PEFT, which typically generates model-level
adapters or prefixes, LAMPEAE adapts the role-
query representation after prompt encoding. The
instance-conditioned update is applied directly at
the role–span decision interface while retaining the
static role anchor as the semantic reference. This
design makes the adaptation specific to span-based
EAE rather than a generic parameter-generation
mechanism.
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7 Conclusion

In this paper, we challenge the long-standing static
parameterization hypothesis in EAE, which re-
stricts argument roles to fixed geometric centers.
To address the resulting lack of adaptability in
complex and long-tail contexts, we propose LAM-
PEAE, a framework that models role semantics as
dynamic manifolds rather than static points. By
leveraging a neuro-symbolic hypernetwork, LAM-
PEAE dynamically instantiates instance-specific
probes that traverse the semantic manifold to bridge
the gap between static prototypes and diverse ar-
gument drifts. Extensive experiments on RAMS,
WikiEvents, and ACE05 demonstrate competitive
performance across the three benchmarks, with
LAMPEAE achieving the best Arg-C result on
RAMS among the compared systems. These re-
sults robustly validate that modeling argument roles
through continuous manifold matching offers su-
perior discriminative power and structural stability
over traditional static parameterization paradigms.

Limitations

Despite its performance, LAMPEAE faces two
primary constraints. First, the 7B LLM forward
pass prioritizes reasoning fidelity over raw through-
put—a necessary trade-off for bridging the seman-
tic vacuum in complex contexts. Future work will
explore distilling these trajectories into lightweight
backbones. Second, scaling to massive or open-
world ontologies may increase hypernetwork map-
ping complexity. Investigating compositional man-
ifold generalization remains a promising frontier
for extending our geometric alignment to zero-shot
and open-schema scenarios.

Ethics Statement

This work utilizes the ACE 2005 dataset, which
was officially acquired via the Linguistic Data Con-
sortium (LDC). We confirm that all research activ-
ities strictly adhere to the LDC’s licensing terms
and ethical standards. This paper does not involve
the presentation of a new dataset, nor does it utilize
demographic, identity, or other sensitive charac-
teristic information in any stage of the research
process.
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A Core Algorithm: Dynamic Manifold
Matching

Implementation Details of Dynamic Manifold
Probing. The core mechanism of LAMPEAE is
a multi-stage parameter transformation process de-
signed to bridge the gap between static role seman-
tics and dynamic instance contexts. As detailed
in Algorithm 1, the process begins with a Latent
Feature Encoding phase, where the high-order rea-
soning prior z is mapped into a normalized latent
space to filter out stochastic noise and ensure the
smoothness of the subsequent manifold mapping.
Adaptive Low-Rank Instantiation. Unlike tradi-
tional methods that utilize fixed prototypes, LAM-
PEAE employs a hypernetwork to factorize the
transformation kernel W(z) into two low-rank ma-
trices, A(z) and B(z). By constraining the rank
r ≪ d, we enforce a geometric bottleneck that
regularizes the parameter drift, ensuring that the
generated transformations remain within a stable
subspace of the parameter manifold. Geometrically,
the transformation matrix W(z) acts as a linear op-
erator defined on the tangent space TpkM of the
static role anchor pk. By computing the product
pk ·W(z), the model captures the semantic drift
ξk,z required for a specific context. Finally, a resid-
ual trajectory alignment is performed to instantiate
the dynamic probe p′k(z). The inclusion of the scal-
ing factor γ and the residual connection ensures
that the dynamic adaptation is anchored by the
global role priors, preventing semantic divergence
while allowing the probe to traverse along the man-
ifold trajectory to accurately capture long-tail and
complex argument variations.

B Dataset

To evaluate the effectiveness of LAMPEAE, we
conduct extensive experiments on three standard
Event Argument Extraction (EAE) benchmarks:
ACE05, RAMS, and WikiEvents. Detailed statis-
tics for these datasets are provided in Table 5.
ACE05. We utilize the English event annotations
from the ACE05 corpus, focusing on sentence-level
EAE tasks. Following the preprocessing standards
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Algorithm 1: Dynamic Manifold Probing
via Adaptive Low-Rank Instantiation

Require :Reasoning prior z ∈ Rdz ; Static
role anchors {pk}Kk=1 ⊂ Rd;
Hypernetwork Hϕ with
parameters Θ; Target rank r ≪ d;
Scaling factor γ.

Ensure :Instance-specific dynamic probes
{p′k(z)}Kk=1 ⊂ Rd.

1 ẑ = LayerNorm(σ(zWin + bin))
2 A(z),B(z) = HyperGen(ẑ; Θ)

// Low-rank factors

3 for each role index k ∈ {1, . . . ,K} do
4 Wk(z) = Ak(z)Bk(z)

⊤

// Transformation kernel
5 ξk,z = pk ·Wk(z) // Tangent

vector and semantic drift
6 p′k(z) = pk + γξk,z // Trajectory

alignment

7 end

8 return P′(z) = [p′1(z); . . . ; p
′
K(z)]⊤

set by DyGIE++ (Wadden et al., 2019), we retain
33 event types and 22 argument roles. This version
comprises 4,859, 605, and 576 argument instances
for the training, development, and test sets, respec-
tively.
RAMS. As a document-level dataset, RAMS chal-
lenges models to extract arguments scattered across
a five-sentence context window. It features a di-
verse schema consisting of 139 event types and
65 semantic roles. The dataset requires captur-
ing long-distance dependencies, as arguments are
not restricted to the sentence containing the trigger
word.
WikiEvents. This document-level benchmark in-
cludes articles sourced from Wikipedia and related
news links. It covers 50 event types and 59 roles. In
our experiments, we follow the conventional task
setting by focusing on standard argument extrac-
tion within these document-level structures.

C Implementation Details

To ensure reproducibility, we provide the follow-
ing technical specifications. Our framework is im-
plemented using PyTorch and the HuggingFace
Transformers library. LAMPEAE follows the
PAIE span-selection architecture and is evaluated
with both BART-base and BART-large backbones;

Dataset ACE05 RAMS WikiEvents

#Sents
Train 17,172 7,329 5,262
Dev 923 924 378
Test 832 871 492

#Args
Train 4,859 17,026 4,552
Dev 605 2,188 428
Test 576 2,023 566

#Event Types 33 139 50
#Role Types 22 65 59
#Avg. Arg/Event 1.19 2.33 1.40

Table 5: Detailed statistics of the ACE05, RAMS, and
WikiEvents datasets used in our experiments. #SENTS
and #ARGS represent the total count of sentences and
argument instances across Train/Dev/Test splits, respec-
tively.

unless otherwise specified, the main results use
BART-large (Ma et al., 2022). For reasoning con-
text extraction, we employ a frozen Large Lan-
guage Model (LLM) to generate the high-order
prior z. This representation is obtained by attention-
mask mean pooling over the frozen LLM’s last-
layer hidden states. The hypernetwork is config-
ured as a two-layer MLP with a hidden dimen-
sion of 768, utilizing a bottleneck rank of r = 32
for the manifold projection. To ensure statisti-
cal robustness, we report the average performance
across three specific random seeds: {2026, 71, 21}.
We use the AdamW optimizer with a weight de-
cay of 0.01. Through a grid search on the val-
idation set, the backbone learning rate is set to
ηbase ∈ {2×10−5, 3×10−5} and the hypernetwork
learning rate to ηhyper ∈ {5×10−5, 1×10−4}. We
further compare two scheduling strategies: Linear
Decay with a 10% warmup ratio and Cosine An-
nealing. Experimental observations indicate that
Linear Decay provides more stable gradient up-
dates during the manifold alignment phase. All
experiments are conducted on a single NVIDIA
VGPU with 48GB of memory, which provides suf-
ficient capacity for the dual-inference pipeline of
reasoning and extraction.

D Baseline

To verify the effectiveness of LAMPEAE, we eval-
uate its performance against several representative
state-of-the-art models. We categorize these base-
lines based on their underlying paradigms and pro-
vide their implementation details as follows:
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Hyperparameter Value

Backbone Architecture BART-b/BART-l
Hypernetwork Hidden Dim 768
Manifold Rank r 32
Max Sequence Length 512

Optimizer AdamW
Base Learning Rate (ηbase) 2× 10−5

Hyper Learning Rate (ηhyper) 1× 10−4

Warmup Ratio 0.1
Weight Decay 0.01

Random Seeds {2026, 71, 21}
Batch Size 8 / 16
Hardware Resource NVIDIA VGPU (48GB)

Table 6: Hyperparameter configurations for LAM-
PEAE. Values are optimized across ACE05, RAMS,
and WikiEvents benchmarks.

Classification and Generation-based Methods.
These methods transition from discrete token-level
classification to semantic-aware span generation:

1. OneIE (Lin et al., 2020): A joint informa-
tion extraction framework that captures global
cross-subtask dependencies. For OneIE, we
use the ACE05 results reported by Ma et al.
(2022).

2. EEQA (Du and Cardie, 2020): A ma-
chine reading comprehension (MRC) based
method that reformulates EAE into a question-
answering task. We use their released
code to test its performance on RAMS and
WikiEvents.

3. BART-Gen (Li et al., 2021): A generative
framework utilizing the BART architecture
to produce argument spans. Following the
original setting, we report results based on the
BART-large backbone for consistency.

Prompt-based Methods. This category repre-
sents the current state-of-the-art in EAE and serves
as the primary technical baseline for our dynamic
manifold matching approach:

4. TSAR (Xu et al., 2022): A two-stream AMR-
enhanced model for document-level EAE that
combines local and global document repre-
sentations with AMR-guided interaction to
capture cross-sentence argument dependen-
cies. For TSAR, we use the RoBERTa results
reported by He et al. (2023), who reran TSAR
with RoBERTa.

Table 7: Controlled ablation on the RAMS development
set using Arg-C F1.

Method RAMS dev Arg-C F1

Static probe (PAIE) 52.8
Anchor-conditioned dynamic
probe

53.6

LAMPEAE 54.5

5. PAIE (Ma et al., 2022): A multi-role prompt-
based model that utilizes a span selection
paradigm. As LAMPEAE is built upon this
architecture, we use their official implementa-
tion as our primary reference backbone.

6. TabEAE (He et al., 2023): A non-
autoregressive framework that employs a
table-filling mechanism for parallel argument
extraction. We report its performance using
the RoBERTa-large backbone as specified by
the authors.

7. HMPEAE (Zhang et al., 2024a): A recent
approach that models argument roles as hy-
perspherical multi-prototypes to address intra-
class variance.

8. GEMS (Lin et al., 2025): A multi-prompt
learning framework that captures structural
interdependencies by predicting arguments
in varying sequences via multi-perspective
prompts and ontology steering. We use the
ACE05 Arg-C result reported in the original
GEMS paper.

9. DEGAP (Wang et al., 2025): An approach
utilizing dual learnable prefixes (instance-
oriented and template-oriented) and an event-
guided adaptive gating mechanism to capture
relevant semantic cues without explicit re-
trieval.

E Ablation Study

Instance-conditioned adaptation improves Arg-C
from 52.8 to 53.6. LAMPEAE further improves
it to 54.5, indicating that the gain is not solely
attributable to dynamic parameter generation.

To further validate the robustness and necessity
of each component in LAMPEAE, we conduct
an extensive ablation study across two representa-
tive benchmarks: the document-level WikiEvents
and the sentence-level ACE05. As summarized in
Table 8, the full LAMPEAE model consistently
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outperforms all variants, confirming the synergistic
effect of neuro-symbolic reasoning and dynamic
manifold transformation.

Impact of Dynamic Manifold Projection. The
removal of the manifold projection module (w/o
Manifold Projection) results in a notable perfor-
mance degradation across both datasets, particu-
larly on WikiEvents where the Arg-C F1 drops
from 66.9 to 64.2. This observation demonstrates
that static role anchors are insufficient for capturing
the high intra-class variance in complex document-
level contexts. By dynamically projecting anchors
onto instance-specific manifolds, LAMPEAE ef-
fectively mitigates the geometric rigidity of tradi-
tional prompt-based methods, allowing the model
to adapt to subtle semantic drifts.

Efficacy of Neuro-Symbolic Context. The ex-
clusion of LLM-derived features (w/o LLM Fea-
tures) and symbolic prompts (w/o LLM Prompt)
leads to a more pronounced decline in performance.
Specifically, on the ACE05 dataset, removing LLM
prompts causes the Arg-C F1 to decrease by 2.3,
indicating that high-order reasoning priors are crit-
ical for disambiguating roles in dense semantic
spaces. The gap between the full model and the
baseline (static prompt model) further underscores
that LAMPEAE’s superiority stems not merely
from a larger parameter scale, but from its ability
to bridge the gap between abstract role definitions
and concrete instance reasoning.

Model WikiEvents ACE05

Arg-I Arg-C Arg-I Arg-C

LAMPEAE (BART-large) 71.8 66.9 76.2 74.1
− w/o LLM Features 69.1 65.2 74.2 72.3
− w/o Manifold Proj. 70.1 65.6 75.1 73.6
− w/o LLM Prompt 69.7 64.3 75.3 71.8

Baseline 69.3 64.2 74.8 70.1

Table 8: Ablation study of LAMPEAE on the
WikiEvents and ACE05 datasets. We report Argument
Identification (Arg-I) and Argument Classification (Arg-
C) F1 scores (%). “w/o” denotes the removal of a spe-
cific module.

F Extended Training Dynamics and
Sensitivity

In this section, we provide a comprehensive anal-
ysis of LAMPEAE’s training behavior, includ-
ing hyperparameter sensitivity, optimization stabil-

ity, and the interpretability of the manifold gating
mechanism.

F.1 Sensitivity of Loss Hyperparameters
(λ1, λ2)

To investigate the impact of the manifold regu-
larization weights in Eq. (16), we conduct a grid
search over λ1 (orthogonality) and λ2 (normaliza-
tion). As illustrated in the contour plot in Figure 6,
the model identifies a clear performance “sweet
spot” at λ1 = 0.1 and λ2 = 0.05 (54.5% Arg-C
F1).
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Figure 6: Sensitivity analysis of λ1 and λ2 on RAMS.
The smooth gradients demonstrate that LAMPEAE is
robust to weight variations within an order of magnitude,
maintaining stability against feature collapse.

Feature Collapse Prevention. We observe that
maintaining a non-zero λ1 is critical. Without this
constraint (λ1 = 0), projected representations tend
to merge into a singular amorphous cluster, los-
ing discriminative power. Conversely, excessively
large λ1 (> 0.5) induces geometric rigidity that
outweighs semantic flexibility. Scale Stabilization.
The weight λ2 ensures that dynamically generated
probes remain within a predictable norm range, fa-
cilitating stable gradient flow. The flat performance
plateau around λ2 ∈ [0.01, 0.1] confirms the mani-
fold projection is inherently well-behaved.

F.2 Convergence Stability and Optimization

As illustrated in Figure 7, LAMPEAE exhibits a
steady convergence trajectory across various learn-
ing rates η. By omitting the initial 500 steps of ex-
treme gradient descent in Figure 7(a), we highlight
the model’s stability during the critical manifold
alignment phase.

The Low-Rank Manifold Projection mecha-
nism acts as a geometric regularizer, constraining
semantic drift within a rank-32 subspace. This pre-
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(a) Loss Convergence

(b) Arg-C F1 Score Growth

Figure 7: Training dynamics on RAMS. (a) Smoothed
training loss; (b) Test set Arg-C F1 (%) evolution.
η = 2 × 10−5 provides the optimal trade-off between
optimization speed and stability.

vents the overfitting typical of high-dimensional
prompt tuning, allowing the model to reach a com-
petitive F1 score (> 50%) within the first 8,000
steps. The η = 2 × 10−5 configuration achieves
the highest peak performance, effectively learning
the instance-specific trajectories required for accu-
rate role assignment.

F.3 Gate Activation and Distance Analysis

To further demystify the interaction between the
static anchor and the dynamic LLM probe, we visu-
alize the gate activation γ across different trigger-
argument distances (Figure 8).

Short Medium Long
Trigger-Argument Distance

0.00

0.05

0.10

0.15

0.20

0.25

0.30

0.35

G
at

e 
Ac

ti
va

ti
on

 (
)

0.03

0.13

0.22

Gate Activation ( )  F1 Improvement

0

1

2

3

4

5

6

 A
rg

-C
 F

1 
(%

)

+1.8

+4.1

+3.2

Figure 8: Gate activation γ and performance gain (∆F1)
across varying distances. Higher γ values at long ranges
indicate the LLM’s increasing role in bridging semantic
gaps.

The trend reveals that as the distance increases,
the gate activation γ progressively rises. This con-
firms that the model relies more heavily on the Dy-
namic Manifold Probe when local contextual cues
are sparse (long-range scenarios). This dynamic
shift directly correlates with the substantial perfor-
mance gains observed in long-distance intervals,
proving that our architecture successfully leverages
LLM-driven reasoning to resolve the “semantic
vacuum” in complex document-level contexts.

G Role-Specific Intrinsic Dimensionality
(ID)

We estimate the Intrinsic Dimensionality (ID) to
validate the manifold hypothesis. While the ambi-
ent space spans damb = 768, the core semantics of
the 67 roles are confined to an average dint = 4.30.
This significant disparity (dint ≪ damb) proves
that event data resides on a low-rank geometric
backbone.

As shown in Table 9, ID adaptively scales with
semantic complexity. Roles with fixed patterns,
such as killer and instrument, exhibit extremely
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low ID values (≈ 1.5), forming near-linear struc-
tures. Conversely, context-heavy roles like place
show higher ID (≈ 9.6). This variance is con-
sistent with the distinct manifold paths observed
in our visualizations. By projecting features onto
these manifolds, LAMPEAE effectively repairs the
semantic vacuum.

Table 9: Intrinsic Dimensionality (ID) for Representa-
tive Event Roles.

Role Category ID Characteristics

High Complexity
place 9.62 Spatial and geographical contexts.
communicator 9.15 Social and linguistic dynamics.
prosecutor 6.45 Legal and procedural contexts.

Average ID 4.30 Manifold Baseline

Low Complexity
injurer 2.09 Physical harm semantics.
killer 1.53 Restricted crime patterns.
money 1.51 Stable financial patterns.
instrument 1.48 Fixed technical roles.

H Low-Resource Performance Analysis

In this section, we evaluate the data efficiency
of LAMPEAE by training on varying ratios of
the training set. Figure 9 illustrates the Arg-C F1
scores across three benchmarks.
Superiority in Data-Scarce Regimes. As demon-
strated in Figure 9, LAMPEAE exhibits remark-
able data efficiency across all three datasets.

• Performance in Extreme Sparsity: In highly
constrained settings (e.g., 1% to 5% data),
LAMPEAE achieves a performance gain of
approximately 3-5% F1 over the state-of-the-
art PAIE. This suggests that by projecting
role anchors onto a dynamic manifold derived
from LLM reasoning priors, LAMPEAE can
establish robust semantic alignments even
with minimal supervision.

• Convergence at 20% Ratio: Notably, on the
WikiEvents benchmark, LAMPEAE trained
on just 20% of the data exceeds the perfor-
mance of EEQA trained on the full dataset.
This rapid acquisition of discriminative power
confirms that the low-rank manifold matching
mechanism effectively regularizes the param-
eter space, preventing the model from over-
fitting to limited training samples.

• Consistent Scalability: As the data ratio
increases to 100%, LAMPEAE maintains

its lead, reaching final Arg-C scores of
74.1% (ACE05), 54.5% (RAMS), and 66.9%
(WikiEvents). The sustained gap between
LAMPEAE and PAIE across the entire data
spectrum illustrates the inherent advantage
of dynamic manifold instantiation over static
role representations.

I Case Study

To intuitively demonstrate the effectiveness of
LAMPEAE in handling complex semantic drifts
and role ambiguity, we present a case study from
the RAMS dataset. Figure 10 compares the argu-
ment extraction results of LAMPEAE against two
strong baselines: EEQA and PAIE.

The qualitative comparison in Figure 10 high-
lights the resilience of LAMPEAE in the face of
role ambiguity. In the provided example of a con-
flict event, the document mentions two geograph-
ical locations: Syria (origin) and Turkey (destina-
tion). Both baseline models, EEQA and PAIE,
mistakenly categorize Turkey as the event Target.
This error stems from the "geometric rigidity" of
static prompts, which often default to the most fre-
quent semantic association for a location role in an
attack context.

LAMPEAE correctly recognizes that the Tar-
get is not explicitly answered in the text and accu-
rately identifies Turkey as the Place. By adapting
its role probes to the specific manifold of the cur-
rent instance, LAMPEAE captures the nuanced
directional relationship ("from Syria to Turkey"),
demonstrating its superior ability to handle seman-
tic drift and entity-role confusion in document-level
extraction.

J Backbone Agnosticism and Scaling
Analysis

A potential concern is whether LAMPEAE relies
on the specific internal representations of Qwen-
7B. To address this, we evaluate our framework
using various mainstream open-source LLMs as
the upstream reasoning engine.
Model Agnostic Architecture. Our Reason-
ing Trajectory Distillation (Eqs. (5)–(7)) is de-
signed to be plug-and-play. Since we bypass auto-
regressive decoding and obtain an attention-mask
mean-pooled representation over the last-layer hid-
den states, any causal LLM can be integrated. As
shown in Table 10, LAMPEAE consistently out-
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(a) ACE05 (b) RAMS (c) WikiEvents

Figure 9: Arg-C F1 scores w.r.t. different training data ratios. Our LAMPEAE consistently outperforms PAIE and
EEQA, demonstrating superior data efficiency.

Figure 10: Case study from the RAMS dataset. The ex-
ample involves a conflict.attack event. While baselines
struggle with role confusion (e.g., mistaking the Place
for the Target), LAMPEAE achieves a perfect match
with the ground truth by leveraging dynamic manifold
probing.

performs the vanilla FT baseline across all back-
bones.

Table 10: Comparison of different LLM backbones on
RAMS (F1 %). All models utilize the same manifold
projection head.

Upstream LLM Scale Arg-C F1 Gain (∆)

Vanilla FT (Base) - 52.8 -

Mistral-v0.3 7B 53.6 +0.8
Llama-3 8B 54.1 +1.3
Qwen-2.5 7B 54.5 +1.7

Why Qwen-7B? In our empirical study, Qwen-2.5-
7B exhibited the highest “reasoning density”—its
hidden states appear more discriminative for struc-
tured extraction tasks, likely due to its extensive
pre-training on high-quality multilingual and code
data. However, the consistent improvement across
Mistral and Llama backbones demonstrates that the
Manifold Projection successfully generalizes to
different embedding spaces. LAMPEAE serves
as a flexible framework that allows practitioners to
trade off between local deployment efficiency and
reasoning depth by swapping the LLM backbone.
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