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Abstract—Few-shot document-level relation extraction (FS-
DLRE) is often hindered by prototype dilution, where critical
relational evidence is obscured by irrelevant document-level
context and semantic overlap. To address this, we propose a
framework that enhances prototype discriminability through
three key innovations: (1) A Query-driven Evidence Adaptation
(QE) module that dynamically aligns support instances with
query-specific evidence to filter contextual noise; (2) A Relation-
guided Feature Attention (RF) module that leverages relational
semantic anchors to dynamically recalibrate feature importance,
thereby enhancing the discriminative power for overlapping
relations; and (3) A Task-specific NOTA Representation (TN)
that adaptively refines decision boundaries for relation-absent
instances. Experiments on FREDo and ReFREDo benchmarks
show our model achieves state-of-the-art results, outperforming
competitive baselines. Visualization and case studies further con-
firm our model’s robustness in capturing intra-class consistency
and inter-class distinction in complex document contexts.

Index Terms—Few-shot Learning, Relation Extraction, Proto-
typical Networks, Relation Overlap

I. INTRODUCTION

Few-shot document-level relation extraction (FSDLRE) has
emerged as a critical task, requiring models to infer complex,
inter-sentential relationships from only a few labeled docu-
ments [1]–[3]. Unlike sentence-level RE, FSDLRE necessi-
tates reasoning over long-range contexts where entity mentions
are scattered across sentence boundaries [4], [5]. As illustrated
in Fig. 1, determining a ”Place of birth” relation may re-
quire synthesizing information from non-adjacent sentences.
Formally, the task is organized into episodes: given a small
support set and a query document, the model must categorize
query entity pairs into candidate relations or a ”None of the
Above” (NOTA) class [6], [7]. While existing meta-learning
approaches reduce the dependence on extensive annotations
, the combination of long-range dependencies and limited
supervision makes robust representation learning particularly
difficult.

Despite their potential, conventional FSDLRE models pri-
marily rely on uniform averaging to construct relation pro-
totypes [8]–[10]. Unlike sentence-level tasks, document-level
contexts are inherently noisier; such coarse-grained aggre-
gation leads to ”prototype dilution,” where discriminative
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Tagret Relation Types 
R1: Place of birth                           R2:R1: Place of death                        R3:Employer 

Gold Output:
(Elias Brown, R1, Baltimore)

(Elias Brown, R3, Representative)

Support Document:

John Stanistreet was an Australian
politician. He was born in Bendigo . He
attended Bendigo High School and Dookie
Agricultural College, and in 1929 began
working for his father's accountancy firm as
an accountant …Stanistreet died in Bendigo in
1971.

Query Document: 

Elias Brown was a U.S. Representative from
Maryland. Born near Baltimore,  Maryland,
Brown attended the common schools. He
served as presidential elector on the ticket of
James Monroe and Daniel D. Tompkins in
1820 and on the ticket of John Quincy Adams
and Richard Rush in 1828…

Relation Instances: 
(John Stanistreet, R1, Bendigo)
(John Stanistreet, R2, Bendigo)
(John Stanistreet, R3, Politician)

(John Stanistreet, R3, Accountant)

Relation Instances Output:

NOTASemantic overlap

Fig. 1: Description of an episode in the FSDLRE. Gold output
refers to the ground-truth relation label assigned to each query
instance in a given episode.

relational features are masked by redundant document-level
noise. Furthermore, existing methods often treat relation labels
as isolated indices or simple embeddings, failing to resolve
”semantic overlap” where distinct relations share identical
entity mentions or discursive patterns. Our diagnostic analysis
on the FREDo dataset reveals a critical bottleneck: over 35%
of misclassification errors occur between relations sharing
similar semantic roots. This confirms that representation ambi-
guity—the inability to decouple overlapping semantics in high-
dimensional space—remains a primary challenge that current
static prototypical networks fail to address.

To resolve these bottlenecks, we propose a Fine-Grained
Prototype Adaptation Framework for FSDLRE. Diverging
from previous models that assume all support instances con-
tribute equally, our approach employs Query-driven Evidence
Adaptation (QE) to perform instance-level alignment, dy-
namically weighting support evidence to mitigate prototype
dilution. To further decouple overlapping semantics, unlike
methods that rely on raw feature distributions, our Relation-
guided Feature Attention (RF) module calibrates the latent
representation space by leveraging LLM-generated semantic
priors to amplify discriminative feature subspaces. Finally, to
stabilize the decision boundary, we introduce a Task-specific



NOTA Representation (TN) to handle the pervasive ”None-of-
the-Above” noise more robustly than standard zero-vector or
mean-based baselines.

The main contributions of this work are summarized as
follows: (1) We develop a hierarchical representation learning
framework that replaces traditional static averaging with a
query-aware adaptation mechanism (QE). This systematically
refines relation prototypes at the instance level, specifically
targeting the prototype dilution problem in document-level
contexts. (2) We introduce a Relation-guided Feature At-
tention (RF) mechanism that, unlike prior label-embedding
techniques, utilizes fine-grained external relation descriptions.
This provides a principled way to recalibrate feature impor-
tance and decouple semantically overlapping relations in few-
shot scenarios. (3) We propose a Task-specific NOTA (TN)
modeling strategy that builds a hybrid noise representation.
This ensures a more stable decision boundary for relation-
absent instances compared to existing FSDLRE baselines.
Extensive experiments on the FREDo and ReFREDo bench-
marks demonstrate that our method achieves new state-of-
the-art performance, with in-depth analyses confirming its
effectiveness in resolving inter-class ambiguity.

II. RELATED WORK

FSDLRE builds upon two research pillars. (1) Document-
Level RE focuses on long-range dependencies using sequence-
based encoding [5] or graph-based modeling [11]–[13]. How-
ever, these paradigms typically rely on dense supervision,
making them ill-suited for low-resource scenarios. (2) Few-
Shot RE addresses data scarcity via prototypical networks
[9] and metric learning [14], [15]. Yet, these are primarily
designed for sentence-level inputs and struggle with the high-
dimensional noise inherent in document-level contexts.

Recent FSDLRE methods like RAPL [16] and TPN [17]
utilize regularized prototypes to capture document patterns.
Despite their progress, two gaps remain: (i) Representation
Collapse, where uniform averaging fails to decouple over-
lapping relations, and (ii) NOTA Instability, as extremum-
based approximations for NOTA lacks robustness for task-
specific negatives. Our work bridges these gaps by introducing
hierarchical collaboration between instance-level adaptation
and feature-level calibration.

III. METHODOLOGY

A. Problem Formulation

Each FSDLRE episode comprises a support set S consisting
of a small number of labeled documents and a query document
Q. Let R be the set of target relation types in the current
episode. For each relation r ∈ R, the set of support instances
is denoted as Hr = {hs

r,i}
kr
i=1, where kr is the total number of

instances of relation r extracted from the support documents,
and hs

r,i ∈ Rd is the contextual embedding of the i-th instance.
Similarly, each query instance from Q is represented by its
embedding hq ∈ Rd. The objective is to learn a discriminative
mapping f(HR, hq) → R ∪ {NOTA}, which assigns the
query instance to either a target relation or NOTA class. To

evaluate generalization, the relation sets used during training
and testing are strictly disjoint.

B. Framework Overview

As illustrated in Fig. 2, our proposed framework addresses
the representation collapse in FSDLRE via a fine-grained
prototype adaptation architecture.

C. Query-driven Evidence Adaptation

Standard prototypical networks construct relation represen-
tations via uniform averaging, making them vulnerable to
prototype dilution from noisy or irrelevant document contexts.
To mitigate this, we propose a query-driven mechanism to
dynamically recalibrate each support instance’s contribution.
For a query hq and target relation r, we first compute the
fine-grained interaction between hq and each support instance
hs
r,i ∈ Hr via an element-wise Hadamard product:

ur,i = tanh(hq ⊙ hs
r,i) (1)

This interaction is then aggregated into a scalar matching score
sr,i =

∑D
d=1(ur,i)d, where D is the embedding dimension.

Theoretically, this operation is equivalent to measuring the
empirical mean of the activated joint features. Then, we
normalize these scores across the kr instances within the
support set of relation r using a softmax function to obtain
the query-driven weight distribution:

αr,i =
exp(sr,i)∑kr

l=1 exp(sr,l)
(2)

The final enhanced prototype p̃r is then formulated as a
weighted sum of the support instances:

p̃r =

kr∑
i=1

αr,ih
s
r,i (3)

D. Relation-guided Feature Attention

To resolve semantic ambiguity, we leverage natural lan-
guage descriptions descr generated by a Large Language
Model (LLM) to provide global semantic priors. For each
relation r in the dataset, we provide its name and a set of
representative example sentences to the LLM. The prompt
explicitly instructs the model to generate a concise, feature-
level definition that emphasizes how this relation differs from
semantically similar ones. These descriptions are encoded as
er = Encoder(descr), where er ∈ RD serves as the semantic
anchor for relation.

We compute the feature-wise attention θr ∈ RD by fusing
the global description er with the instance-level prototype p̃r:

θr = σ(W2 · ReLU(W1[er ⊕ p̃r])) (4)

where ⊕ denotes concatenation and W1,W2 are learnable
parameters. The final metric between query hq and prototype
p̃r is then defined as a weighted squared Euclidean distance:

d(p̃r, hq) =

D∑
d=1

θr,d · (p̃rd − hq
d)

2 (5)
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Fig. 2: The overall architecture of our method.

where θr,d denotes the learned importance weight for the d-
th feature dimension of relation r. By selectively amplify-
ing informative feature subspaces indicated by the relation
description, the model can effectively decouple semantically
overlapping relations.

E. Task-specific NOTA Representation

Task-specific NOTA representation fuses a Base NOTA
Prototype with an Episode-Specific Correction. During train-
ing, we maintain a stable foundation pbase by averaging
a fixed number of sampled NOTA embeddings: pbase =

1
Nsam

∑
hNOTA
i . In each episode, we identify ”hard” NOTA

instances that are most representative of the current task’s
negative space. For each task-specific NOTA instance hs

j ∈
HNOTA, we compute a discriminative score sj :

sj = sim(hs
j , p

base)−max
r∈R

sim(hs
j , p̃

r) (6)

where sim(·) denotes cosine similarity. This scoring mecha-
nism assigns higher priority to instances that align with the
global NOTA prior while remaining distant from the current
task’s true relations. The corrected component pspec is then:

βj =
exp(sj)∑nNOTA

l=1 exp(sl)
(7)

where nNOTA denotes the total number of task-specific NOTA
instances in the current episode.

pspec =
∑
j

βjh
s
j (8)

The final robust NOTA prototype p̃NOTA is computed via a
rectification factor λ ∈ [0, 1]:

p̃NOTA = λpbase + (1− λ)pspec (9)

F. Loss Function

To enhance the discriminability of the NOTA boundary,
we optimize the model using a combination of binary cross-
entropy and a max-margin constraint.

For each query instance q ∈ Q, we compute the logit
difference xr,q = scr(q) − scNOTA(q), where sc(·) is the
similarity metric. The probability of relation r being present
is Pr,q = σ(xr,q−η), where η is a learnable bias representing
the global decision threshold. The classification loss is defined
as:

Lcls = − 1

|Q|R

∑
q∈Q

R∑
r=1

[yr,q logPr,q +(1− yr,q) log(1−Pr,q)]

(10)
where yr,q ∈ {0, 1} is a binary indicator (ground truth) that
equals 1 if the query instance q carries the relation r, and 0
otherwise. Note that in the FSDLRE task, if q belongs to the
NOTA category, yr,q = 0 for all r ∈ R

To enforce a clear separation between positive relations and
the NOTA category, we introduce a margin penalty δ:

Lmrg =
1∑
yr,q

∑
q,r

yr,q ·max(0, δ − xr,q) (11)



This term explicitly pushes true relation scores to be at least
δ higher than the NOTA score, effectively clustering positive
instances away from the NOTA base.

IV. EXPERIMENTS

A. Experimental Setup

Benchmarks and evaluation metric. We evaluate our
framework on FREDo [6] and its refined version ReFREDo
[16]. To the best of our knowledge, these are the only publicly
available benchmarks specifically designed for the FSDLRE
task. These datasets cover both In-domain (Wikipedia) and
Cross-domain (Academic papers) scenarios, providing a com-
prehensive assessment of generalization capabilities. Follow-
ing [6], we adopt the Macro F1-score as our primary metric
to ensure an unbiased assessment of imbalanced distributions.
All results are averaged over five random seeds.

Baselines. We compare our model against several rep-
resentative FSDLRE baselines, categorized as follows: (1)
Basic RE Models: DL-Base directly utilizes the pre-trained
BERT; DL-MNAV [5] and its variants (DL-MNAVSIE , DL-
MNAVSIE+SBN ) adapt document-level RE for few-shot set-
tings by incorporating support instance embeddings and a ba-
sic NOTA prototype [6]. (2) Attention-based Models: CHAN
[18] employs a hierarchical attention mechanism to aggregate
information from sentence to document levels. (3) Advanced
Prototypical Networks: RAPL [16] enhances prototypes by
fusing label semantics to improve discriminative power. TPN
[17] integrates transfer learning with prototypical networks
to enhance semantic propagation, particularly in cross-domain
scenarios. (4) LLM-based Baselines: ChatGPT (ICL) evaluates
the in-context learning capability of Large Language Models
[19].

Implementation details. We implement our framework
using PyTorch and utilize BERT-base-cased as the primary
encoder. Relation descriptions are generated by GPT-4o and
encoded into 768-dimensional vectors. During training, we
use the AdamW optimizer with a learning rate of 2 × 10−5

and a batch size of 4 episodes. For the proposed modules,
the rectification factor λ is set to 0.85, and the loss balance
coefficient γ is 1.0. The margin δ is empirically fixed at 0.1.
To prevent overfitting, we apply a dropout rate of 0.1 and use
a linear learning rate scheduler with a warmup ratio of 0.1. All
models are trained on a single NVIDIA RTX 4090 GPU, and
the best checkpoints are selected based on the performance on
the development set.

B. Main Result

Table I summarizes the performance across eight settings,
where our model consistently achieves competitive results. We
observe more pronounced gains in 1-Doc settings (e.g., 4.85%
in FREDo cross-domain) than in 3-Doc settings, suggesting
our architecture is particularly effective under extreme data
sparsity. By leveraging semantic anchors via the attention
mechanism, the model better identifies discriminative features
within noisy document-level contexts. Furthermore, steady im-
provements on the ReFREDo dataset—reaching 18.71% in the

in-domain 3-Doc task—demonstrate the model’s robustness
against semantic overlap. Finanlly, while LLM like ChatGPT
have shown promise in general NLP, their performance in strict
FSDLRE settings remains limited without fine-tuning [19]–
[21]. For instance, on the ReFREDo benchmark, ChatGPT
(in-domain, 3-Doc) achieves a Macro F1 of only 5.39%,
significantly trailing our specialized framework. These results
indicate that the task-specific NOTA representation and feature
recalibration effectively prevent prototype dilution, ensuring
a stable decision boundary and strong generalization during
cross-domain transfer.

C. Ablation Study

We conduct ablation experiments on the ReFREDo dataset
to evaluate the contribution of each module (Table II). (1)
Removing the QE module leads to a decline in in-domain per-
formance. This suggests that grounding prototypes in query-
specific evidence effectively filters out irrelevant context in
long documents. (2) The removal of RF results in significant
degradation, particularly in the 1-Doc cross-domain setting.
This underscores that LLM-derived anchors are crucial for
identifying discriminative feature subspaces when support
instances are extremely sparse. (3) Notably, excluding the TN
module incurs the most consistent and substantial drop across
all scenarios. This confirms that a fixed NOTA prototype is in-
sufficient for the FSDLRE task; instead, dynamically adapting
the NOTA boundary to the current task’s semantic distribution
is essential for reducing misclassifications in relation-absent
pairs.

D. Analyses and Discussions

Robustness Against NOTA Instances We evaluate our
task-specific NOTA representation (TN), which fuses a stable
Base NOTA Prototype with an Episode-Specific Correction.
As illustrated in Figure 3, incorporating the TN module
significantly reduces FP-1 errors (misclassifying NOTA as a
target relation) by an average of 12.88% across all settings.
This improvement validates the effect our hybrid design.

1 - d o c  F r e d o 3 - d o c  F r e d o 1 - d o c  R e F r e d o 3 - d o c  R e F r e d o

 w / o  T N
 w  T N- 1 3 . 9 4  %

- 8 . 9 9  % - 1 7 . 3 6  % - 1 1 . 2 2  %

Fig. 3: Effect of task-specific NOTA representation (TN).

Effect of hyperparameters. We evaluate the impact of
hyperparameters on the ReFREDo 3-Doc task (Figure 4):
(1) Performance peaks at λ = 0.85, demonstrating that



TABLE I: Performance comparison of different models.

Model
FREDo ReFREDo

In-domain Cross-domain In-domain Cross-domain

1-Doc 3-Doc 1-Doc 3-Doc 1-Doc 3-Doc 1-Doc 3-Doc
DL-Base 0.60 0.89 1.76 1.98 1.38 1.84 1.76 1.98
DL-MNAV 7.05±0.18 8.42±0.64 0.84±0.16 0.48±0.21 12.97±0.88 12.43±0.36 1.12±0.38 2.28±0.19
DL-MNAVSIE 7.06±0.15 6.77±0.21 1.77±0.60 2.51±0.66 13.37±0.98 12.00±0.80 1.39±0.74 2.92±0.41
DL-NAVSIE-SBN 1.71±0.04 2.79±0.24 2.85±0.12 3.72±0.14 4.59±0.30 5.43±0.24 2.84±0.24 3.86±0.27
CHAN 7.91 8.65 1.95 2.78 – – – –
RAPL 8.75±0.80 10.6±0.77 3.33±0.50 5.35±0.72 15.20±0.82 16.35±0.60 3.51±0.79 5.48±0.63
TPN 9.12±0.31 8.64±0.44 3.98±0.28 4.48±0.29 15.54±0.14 15.73±0.53 4.72±0.43 5.02±0.50
ChatGPTICL 2.25 2.95 5.22 5.83 2.86 5.39 5.22 5.83
Ours 10.08±0.85 11.75±0.32 4.85±0.46 5.46±0.78 16.81±0.60 18.71±0.15 5.43±0.65 5.52±0.34

TABLE II: Ablation study results on ReFREDo.

Model In-domain Cross-domain

1-Doc 3-Doc 1-Doc 3-Doc

Ours 16.81 18.71 5.43 5.52
w/o QE 16.23 17.36 5.71 5.12
w/o RF 15.78 18.34 4.21 4.46
w/o TN 15.63 17.98 4.92 4.34

balancing the global NOTA prior with task-specific instances
is superior to relying on either alone. Deviations toward
λ = 1.0 or λ = 0.8 cause performance drops, as the former
lacks task-adaptation while the latter is prone to local noise.
(2) The model achieves optimal results at γ = 1.0, with
higher sensitivity observed in in-domain scenarios. Increasing
γ beyond 1.0 gradually degrades performance, suggesting
that an excessive margin penalty may lead to overfitting on
support distributions and hinder generalization to diverse query
instances. Beyond the primary hyper-parameters λ and γ, the
stability of the learnable threshold η also plays a crucial
role in maintaining a clear NOTA boundary. Our empirical
observations suggest that η converges to a stable range across
different K-shot tasks, effectively acting as an automated
calibrator for ’rejection’ confidence.

Fig. 4: Effect of hyperparameters λ and γ under the 3-Doc
task setting in ReFREDo.

Support Embeddings Visualization. To intuitively eval-
uate our model’s discriminative power, we visualize support
embeddings for three semantically overlapping relations (P17,
P495, and P1001) using t-SNE (Figure 5). Comparing our
full model (a) with variants (b) and (c), we observe that our
method produces more compact clusters and clearer decision

boundaries, despite the inherent jurisdictional semantic simi-
larities. This enhancement is driven by two mechanisms. First,
the QE module dynamically aligns support instances with
query-specific evidence, effectively filtering out non-relational
context and promoting intra-class consistency. Second, the
RF module acts as a dynamic feature mask that highlights
informative semantic dimensions while suppressing noise. This
implicitly refines the embedding space, ensuring that even
under domain shift, the model can isolate the most distinctive
relational patterns. These results confirm that our task-specific
representation learning successfully mitigates relation confu-
sion in complex document-level contexts.

(a) Ours

P495
P17
P35

(b) w/o QE (c) w/o RF

Fig. 5: Three t-SNE visualizations comparing different model
settings.

Computational Complexity We evaluate the computational
overhead of the QE module compared to the standard proto-
type baseline. In our QE module, for each query, the model
computes pairwise interactions with all relevant instances
associated with the target relation within the support docu-
ments. While this introduces a linear computational increase
proportional to the number of relational instances per support
document, the absolute cost remains minimal in few-shot
settings. Since the number of instances in 1-Doc or 3-Doc
support sets is typically very small, this change represents
a nearly constant-level increase in complexity. Our empirical
tests indicate that the QE module only increases the average
training time per epoch by approximately 4.2%. This marginal
cost is well-justified by the improvement in Macro F1, as
the fine-grained alignment effectively filters out irrelevant
document-level context that simple averaging fails to capture.

Case Study. As shown in Figure 6, our model effectively
resolves semantic overlap between P17 (geographic contain-
ment) and P495 (country of origin). For the query (Phnom
Penh, Cambodia) , the QE module prioritizes the locational
evidence in (Athens, Greek) , rather than the institutional



Support Document 3:
Skai TV is a Greek free-to-air television network based in Piraeus. It is part of the Skai
Group, one of the largest media groups in the country. It was relaunched in its present form on
1st of April 2006 in the Athens metropolitan area, and gradually spread its coverage
nationwide. 

Support Document 2:
...The musicians travel between shows across the American Southwest in a dozen or so
vintage train cars from the 1950s and 1960s...In 2011, Railroad Revival Tour bands Mumford
& Sons, Edward Sharpe and the Magnetic Zeros, and Old Crow Medicine Show together
closed their shows at every stop with "This Train."

Support Document 1:
The Sacramento Bee is a daily newspaper published in Sacramento, California, in the United
States. Since its founding in 1857, The Bee has become the largest newspaper in Sacramento,
the fifth largest newspaper in California, and the 27th largest paper in the U.S...

Only P495

Only P17

Only P17

P17, P495

Query Document:
The Cambodia–Vietnam Friendship Monument in Phnom Penh, capital of Cambodia, is a
large concrete monument commemorating the former alliance between Vietnam and
Cambodia. It was built in 1979 by the communist regime that took power after the
Cambodian-Vietnamese War, which overthrew the Khmer Rouge regime...

creative work origin evidence geographic containment evidence

Fig. 6: Case study illustrating the impact in our model.

context in (The Sacramento Bee, US). Simultaneously, the
RF module recalibrates features to highlight spatial inclusion
while suppressing ”organization” dimensions. To further de-
mystify this internal mechanism, we analyzed the attention
weight distribution and similarity scores. Quantitatively, the
QE module increases the similarity score between the query
and Support Document 3 (P17) by 24.3% compared to the
vanilla prototype, effectively ”denoising” the irrelevant insti-
tutional information in Support Document 1. Furthermore, the
RF module’s recalibration leads to a significant shift in the
feature space: the activation of spatial-related dimensions is
enhanced by 1.8×, while the overlap with the P495 (origin)
category is reduced by 15.6%. These data-driven insights
confirm that our model’s superiority stems from its ability
to perform fine-grained evidence alignment and task-specific
feature filtering, rather than simple pattern matching.

V. CONCLUSION

We proposed a fine-grained prototype adaptation frame-
work for FSDLRE to address prototype dilution and semantic
overlap. By integrating QE and RF modules, the model dy-
namically aligns prototypes with query-specific evidence and
recalibrates feature importance using relational priors. Addi-
tionally, the TN module establishes a robust decision boundary
for relation-absent instances. Experiments on FREDo and
ReFREDo benchmarks demonstrate that our model achieves
state-of-the-art performance. Despite these gains, the current
study primarily focuses on gold-standard entity metadata.
Future research will investigate the model’s robustness against
real-world perturbations, such as label noise and the absence of
explicit coreference information, by developing more resilient
prototype recalibration mechanisms.
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