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Abstract

In Document-level Relation Extraction
(DocRE), relational facts are typically orga-
nized around a few salient entities. Explicitly
capturing this topological structure is pivotal
to addressing the two critical bottlenecks of
the task: the extreme class imbalance and the
complexity of multi-hop reasoning. Based
on this insight, we first introduce the concept
of the salient entity and propose a novel
approach that decouples the extraction space
into dense and sparse scenarios. Specifically,
our approach restricts the search space for
dense pairs to mitigate the dominance of the
negative samples, and innovatively injects the
rich semantic knowledge of salient entities
to explicitly reconstruct the document for
bridging disjoint evidence in multi-hop reason-
ing. Extensive experiments demonstrate that
our approach yields consistent improvements
over various backbone models and achieves
advanced performance compared to existing
enhancement methods !.

1 Introduction

As a key task in natural language understanding, re-
lation extraction aims to identify factual knowledge
in the form of relation triples from text, thereby
supporting a wide range of downstream applica-
tions such as question answering (Luo et al., 2018),
knowledge graph alignment (Zhang et al., 2022)
and large language models reasoning (Wang et al.,
2024a). Prior research has primarily focused on
sentence-level extraction (Zhang et al., 2018; Zhu
et al., 2019; Sun et al., 2020); however, this sim-
plified setting falls short in practical scenarios
where entities are scattered across an entire docu-
ment. In such cases, multiple relations may exist
among entity pairs, which poses new challenges
for Document-level Relation Extraction (DocRE).
Specifically, existing models struggle to address
two major challenges.

'Our code: https://github.com/Patrick-Rud/SegDRE-code
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Figure 1: Statistics of salient entities in document-level
relation extraction datasets.

The first challenge lies in the severe imbalance
between positive and negative samples. The num-
ber of entity pairs grows quadratically with the
number of entities, yet most pairs do not hold any
relation. In the widely used DocRED dataset, more
than 97% of entity pairs are negatives; even in
the refined Re-DocRED dataset, this proportion re-
mains as high as 94%. Such a high prevalence of
negative samples may easily overwhelm the train-
ing process, leading to poor recall of positive rela-
tions. While recent works like Wang et al. (2023)
attempt to mitigate this via adaptive loss functions,
the intrinsic dominance of negatives remains a bot-
tleneck.

The second challenge arises from the complex
relational structure in documents: entity pairs may
be related across sentences necessitate reasoning
over intervening entities, requiring models not only
to capture global context but also perform multi-
hop reasoning. To this end, Tan et al. (2022a) pro-
pose enhancing entity pair representations via ax-
ial attention, while Lu et al. (2023) construct dy-
namic graphs to facilitate reasoning over coreferent
mentions and anaphors. Apart from representation
learning, Ru et al. (2021) introduce logic rules to
explicitly capture long-range dependencies.

Although significant progress has been made,
prior studies have largely overlooked an inherent
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property of documents: a document typically ex-
hibits a clear thematic focus. As repositories of
factual information, documents tend to organize
knowledge around one or a few salient entities,
which we define as the entity involved in the great-
est number of relations. Humans, when reading,
prioritize processing entity pairs involving salient
entities, rather than exhaustively evaluating the
set of pairs formed by all entities. This cognitive
strategy allows us to rapidly capture core knowl-
edge while reducing the candidate space to a lin-
early growing subset. Our statistics in Figure 1 (a)
show that in DocRED and Re-DocRED, approxi-
mately 62.5% and 54.0% of positive relations, re-
spectively, are concentrated in subsets associated
with salient entities.

In addition, for complex reasoning, humans of-
ten adopt a two-pass strategy, integrating initial
insights back into the context to facilitate compre-
hension. Empirically, our statistics on DocRED
support this intuition: (1) nearly 89% of relations
are reachable within two hops from salient entities
(Figure 6 in Appendix A.1); and (2) distinct distri-
bution patterns over relation classes emerge when
splitting positive samples into dense and sparse
groups based on their association with salient enti-
ties (Figure 1 (b)), which inspire us to treat dense
and sparse entity pairs separately and process the
document in a progressive manner.

Based on these findings, we propose a Salient
entity guided approach to Document-level Relation
Extraction (SegDRE). Specifically, SegDRE intro-
duces an identification task to pinpoint the salient
entity, thereby decomposing the learning objective
into dense and sparse scenarios. This decomposi-
tion yields a two-fold benefit: First, for the dense
stage, it restricts the candidate space to a linear
subset associated with the salient entity, signifi-
cantly mitigating the severe positive-negative class
imbalance issue. Second, for the sparse stage, it in-
jects the extracted dense relation triples to augment
the original text, effectively bridging the semantic
gap required for multi-hop reasoning. Our main
contributions are summarized as follows:

* We explicitly model salient entities via a
count-based prediction head and use them to
decompose the DocRE task into complemen-
tary scenarios.

* We design a novel progressive approach si-
multaneously alleviates the impact of negative

samples by narrowing the search scope and en-
hances the rest relation reasoning via explicit
knowledge injection.

* Extensive experiments on two standard bench-
marks demonstrate that our method yields con-
sistent improvements over backbone models
and outperforms previous state-of-the-art en-
hancement baselines.

2 Related Work

Existing DocRE methods can be broadly catego-
rized into the following three lines of research.

(1) Enhancing Representation Capacity. This
line of work aims at more accurate modeling of se-
mantic interactions across documents by designing
novel model architectures or strengthening exist-
ing representation mechanisms, thereby improving
DocRE performance. Representative approaches
include GAIN (Zeng et al., 2020), SIRE (Zeng
et al.,, 2021), ATLOP (Zhou et al., 2021), KD-
DocRE (Tan et al., 2022a), DREEAM (Ma et al.,
2023), AA (Lu et al., 2023), SRF (Zhang et al.,
2024), and GREP(Zhang et al., 2025).

(2) Loss Function Optimization. Another line
of research focuses on improving DocRE by de-
vising specialized loss functions. Such methods
are particularly effective in handling challenging
settings, including long-tailed relation distributions
and multi-label classification. For example, ATL
(Zhou et al., 2021), Balanced Softmax (Zhang
et al., 2021), AML (Wei and Li, 2022), AFL (Tan
et al., 2022a), SSR-PU (Wang et al., 2022), NCRL
(Zhou and Lee, 2022), PEMSCL (Guo et al., 2023),
HingeABL (Wang et al., 2023), AMTL (Xu et al.,
2025a), and APRDL (Xu et al., 2025b).

(3) Plugin-based Approaches. Plugin-based
methods emphasize modularity and generalization,
allowing them to be flexibly integrated into differ-
ent DocRE architectures to further enhance perfor-
mance. Representative works include LogicRE (Ru
et al., 2021), MILR (Fan et al., 2022), BCBR (Liu
et al., 2023), P3M (Wang et al., 2024b), IMRL (Qi
et al., 2024), VaeDiff-DocRE (Tran et al., 2025),
and AMTL (Xu et al., 2025a). Among them, Logi-
cRE, MILR, BCBR and JMRL introduce logical
reasoning modules to capture multi-hop relational
dependencies, while P3M and VaeDiff-DocRE ap-
ply data augmentation techniques to improve model
robustness.

In contrast to the aforementioned approaches,
we innovatively decompose the DocRE task guided
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by the salient entity. Building upon this decoupled
structure, we leverage knowledge injection to re-
construct the text, effectively mitigating reasoning
difficulty. Furthermore, our implementation is or-
thogonal to existing methods, offering the potential
for further combined optimization.

3 Methodology

3.1 Problem Definition

Given a document D consisting of tokens Wp =

{wz}lzli/f) |, sentences Xp = {$1}‘Z}:(113 |, and entities
Ep = {ei}g]f |, the task of document-level rela-

tion extraction is to predict the relations between ev-
ery ordered entity pair (ep,e;) € Ep X Ep, h # t.
Each entity e € Ep is associated with a set of men-
tions M. = {m; }Ijl\f‘il, where each mention is a
phrase in the document referring to the entity. The
relation label space is defined as R U N A, where
R is a pre-defined set of relation types and N A
denotes the absence of any relation. For each en-
tity pair (ep, e;), the model predicts a subset of
relations Ry, ; € RU N A, making DocRE a multi-
label classification problem. Moreover, evidence
sentences Vj,; € Xp may also be provided for
entity pairs with valid relations, representing the
minimal set of sentences sufficient for human infer-
ence.

3.2 Approach Overview

The overall architecture of SegDRE is illustrated
in Figure 2, consisting of four sections: (1) Salient
Entity Identification, which identifies the salient
entity in the document, serving as the pivot for
subsequent task decomposition; (2) Dense Rela-
tion Extraction, which performs relation extrac-
tion over entity pairs involving the salient entity; (3)
Sparse Relation Extraction, which targets over
entity pairs not directly involving the salient entity;
(4) Extended Inference Stage Fusion, which inte-
grates predictions from the dense, sparse, and base
models to produce the final results.

3.3 Salient Entity Identification

Current DocRE models generally obtain a repre-
sentation embedding zj, for each entity e;, after
encoding the document.

{#n}e,eE, = DocREModel(D) (1)

Traditionally, a pair of entity representations is pro-
cessed by a bilinear classifier? to predict relation
scores y(*©) e RI®I:

y(S’O) = ZsWrTZo + by, )

where W, € RIRIxdxd gnq b € RIRI are learn-
able parameters. The probability that relation
r € 'R holds between entity e; and e, is thus
P(r | es,eo) = U(yﬁs’o)
function.

To identify salient entities, we substitute the stan-
dard classification head with a count regression
head. Given that valid relations between entity
pairs are rare in document-level contexts, we em-
ploy a Zero-Inflated Poisson (ZIP) model (Lambert,
1992). Specifically, the relation count variable C'
for an entity pair is modeled as a mixture of a point
mass at zero and a Poisson distribution:

C~0,

~ Poisson(\),

), where o is the sigmoid

with probability 7 3)
with probability 1 — 7
where 7 is the probability for the zero component,
and X is the expected count of the Poisson compo-
nent. To parameterize this, the model first gets the
relation count score z(5:°) g Rhidden.

250 — zSWCTzO + be, 4)

then branches into two heads to predict the proba-
bility 7 and the Poisson rate A:

m(80) — U(Wﬂx(s’o) + bx)

(%)
A9 = In(1 + exp(Wyrz9) + by)),

where o denotes the sigmoid function, and the soft-
plus function ensures A > 0.

The model is optimized by minimizing the neg-
ative log-likelihood of the observed counts. The
loss function L is defined as:

where I(-) is the indicator function. During in-
ference, we estimate the scalar count of potential
relations for each entity pair using the expected

value of the distribution.
C(Svo) — (1 _ W(S,O)))\(S,O) (7)

In practice, a grouped bilinear classifier(Zheng et al.,
2019) is applied to save memory.
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[0] Franck Piccard ( born 17 September 1965 ) is a French former Alpine skier.

[1] A native of , Piccard won a total of four Alpine skiing World Cup races.

[8] Piccard's siblings Leila Piccard, Ian Piccard and Jeff Piccard also competed as alpine skiers.
[9] Another brother, Ted Piccard, has competed in both alpine skiing and skiercross.
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Figure 2: The overall architecture of SegDRE. It identifies salient entities to segregate the graph and injects triples
from the dense section to the sparse section for relation extraction.

We then aggregate ¢(*©) by entity. The entity with
the highest aggregated relation count is identified as
the salient entity, denoted as e,,;. To evaluate the
capability of the identified e,,; to enrich relational
information, in addition to accuracy, we introduce
a metric named Saliency, defined as:

Count
Saliency = ount(€sa)

Count(egra)
where e4,q denotes the ground-truth salient entity.

We set the hidden dimension of the count head
to 768 and initialize it with shared parameters from
a trained DocRE model for faster convergence.
The model is trained for 10 epochs with a warm-
up ratio of 0.3, while all other hyper-parameters
are kept consistent with those of the base DocRE
model. For model selection, we retain the check-
point achieving the highest saliency score.

3.4 Dense Relation Extraction

Based on the identified salient entity e,;, we de-
couple the relation triples in document D into two
categories: dense triples that involve ey, and
sparse triples that do not. For dense relation ex-
traction, the candidate entity pairs number is sig-

nificantly reduced to 2 x (|Ep| — 1) with over
half of the original DocRED relation triples in-
cluded, thereby guiding the model to focus on learn-
ing interactions around the salient entity without
being overwhelmed by numerous negative sam-
ples. The extracted dense relation triples are de-
noted as Tense = {(€sal, 7> €5), (€5, 7, €sa1) | €5 F#
€sal,T € R}.

3.5 Sparse Relation Extraction

The sparse relation extraction stage targets relation
triples that are complementary to those identified in
the dense stage. Given that sparse triples may use
salient entity as bridge to perform multi-hop rea-
soning, we leverage the dense predictions as prior
knowledge to reduce the semantic difficulty. Tech-
nically, we adopt the injection mechanism from
K-Bert(Liu et al., 2020) to incorporate these dense
triples into the original document. The transforma-
tion could be formulated as:

Dtrans = KInject (Da Tdensey Oé), (9)

where D;,qns denotes the transformed document
enriched with salient knowledge, and « controls
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Figure 3: Illustration of knowledge injection in K-Bert(Liu et al., 2020).

the proportion of top-ranked triples from Tye,se
utilized for document reconstruction.

Specifically, the original document is restruc-
tured into a sentence tree, where the relation and
tail entity are appended as additional branches to
the head entity. To preserve the original word or-
der while accommodating the expanded structure,
K-Bert adopt a soft-position index mechanism, as
illustrated in Figure 3, which rearranges the po-
sition indices of tokens to align with the original
sequence. Meanwhile, a visible matrix is employed
to restrict the attention scope of each token, defined

wi DI Wj

as:
Mij = {0’
—00, w; K wj,

where w; > w; indicates that tokens w; and w;
are located in the same branch of the sentence tree.
This design prevents irrevalant entities from incor-
porating injected knowledge while facilitating mu-
tual semantic interaction between head and tail en-
tities. For example, in Figure 3, the relation present
in between Eddard Stark and Game of Thrones
could be easily extracted with the reconstructed
context. The extracted sparse relation triples in
this stage are denoted as Tsparse = {(€4,7,€5) |
€i, e # €sal, " € R}.

In documents where an entity appears with multi-
ple mentions, we insert the extracted relation triples
after a salient entity node and allow all its men-
tions to be mutually visible. This strategy ensures
consistent information propagation across different
mentions and prevents the transformed text from
becoming excessively large for the encoder when
numerous salient relations are present.

(10)

3.6 Extended Inference Stage Fusion

For DocRE model extracting evidence sentences si-
multaneously, Xie et al. (2022) proposed Inference
Stage Fusion (ISF) to reconcile predictions from
original document D and pseudo document D', the
concatenation of evidence sentences. Specifically,
the two sets of prediction scores are fused via a
blending layer (Wolpert, 1992) to form the final

prediction:

P(r|es,eo) = P(r | es,e0; D) (an

+ P(r | es,eo; D) — 1,
where 7 is a threshold tuned on the development
set.

We extend this fusion strategy to integrate 7y, se
and Tipgrse into Tpyee, the base DocRE model’s
predictions. Concretely, the threshold 7 tuned on
the development set is treated as an anchor point,
around which a grid search is performed to de-
termine the optimal offsets for Tpqse, Tdense and
Tsparse ON the development set. For models that do
not employ the ISF mechanism, such as ATLOP,
we set the anchor threshold 7 = 0. The search
range is set to [T — 1,7 + 4] with a step size of 0.1
for DocRED, and [T — 2, 7 + 5] with a step size of
0.1 for Re-DocRED.

DocRED Re-DocRED
Datasets

Train Dev  Train Dev Test
#Docs 3,053 1,000 3,053 500 500

Avg. #Entities 195 196 194 194 196

Avg. #Entity Pairs  392.6 3922 390.8 386.5 397.3
Avg. #Triples 125 123 281 346 349
Avg. #Sentences 7.9 8.1 7.9 8.2 7.9
Avg. #Relations 5.4 53 8.6 10.0 9.5

Table 1: Statistics of DocRED and Re-DocRED. Avg.#
denotes the average number of items per document.

4 Experiments Settings

4.1 Datasets and Evaluation Metrics

We conduct experiments with our proposed method
on two benchmark datasets: DocRED (Yao et al.,
2019) and Re-DocRED (Tan et al., 2022b), a re-
labeled version of DocRED.

Following Yao et al. (2019), we employ F1 and
Ign-F1 as evaluation metrics. The Ign-F1 metric
excludes relational facts that are already present
in the training set. We also report Intra-F1 for
relations within a single sentence and Inter-F1 for
relations that span multiple sentences.
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Dev Test

Method

Ign-F1 F1 Intra-F1 Inter-F1 Ign-F1 F1
implemented with BERTbqse
ATLOP (Zhou et al., 2021) 59.22 61.09 67.26" 53.20" 5931 61.30
ATLOP-Seg (this work) 59.524+0.06 61.53+0.07 67.80+0.12 53.86+0.18 59.22 61.49
DREEAM (Ma et al., 2023) 60.51 62.55 68.39" 55.221 60.03  62.49
DREEAM-Seg (this work) 60.944+0.05 63.00+0.03 68.93+0.08 55.73+0.09 60.61 62.88
implemented with RoBERTa4rge
ATLOP (Zhou et al., 2021) 61.32 63.18 69.61* 55.01* 61.39 6340
ATLOP-Seg (this work) 61.68+0.14 63.68+0.16 69.99+0.23 56.01+0.15 61.61 63.79
DREEAM (Ma et al., 2023) 62.29 64.20 70.16' 56.57" 62.12  64.27
DREEAM-Seg (this work) 62.784+0.13  64.73+0.14 70.72+0.12 57.30+0.23 62.63 64.80

Table 2: Performance of base models with and without SegDRE on the DocRED dataset. Results with* are referred
from Xie et al. (2022) and with' are our re-implementations. Others are reported in original papers.

Method Dev Test
Ign-F1 F1 Ign-F1 F1

ATLOP (Zhou et al., 2021) 76.88™ 77.63 76.94*  77.73*
ATLOP-HingeABL(Wang et al., 2023) - - 78.82 79.79
ATLOP-PEMSCL(Guo et al., 2023) 79.02 79.89 79.01 79.86
ATLOP-P3M(Wang et al., 2024b) - - 78.82 80.02
ATLOP-APRDL(Xu et al., 2025b) 78.54 79.40 79.10 79.90
ATLOP-AMTL(Xu et al., 2025a) 79.15 80.09 79.04 79.97
ATLOP-Seg (this work) 79.484+0.13  80.16+0.11 79.63 80.25
DREEAM (Ma et al., 2023) - - 77.39 77.94
DREEAM-JMRL(QI et al., 2024) - - 77.98 78.61
DREEAM-AMTL(Xu et al., 2025a) - - 79.40 79.98
DREEAM-Seg (this work) 79.30+0.16  79.97+0.13  79.68 80.25
DREEAM w. ISF(Ma et al., 2023) - - 79.66 80.73
DREEAM-APRDL w. ISF(Xu et al., 2025b) 80.38 81.05 80.66 81.28
DREEAM-Seg w. ISF (this work) 80.134+0.24  80.83+0.23  80.67 81.32

Table 3: Performance of base models with different augmentation on the Re-DocRED dataset using ROBERTa; 4.
Results with* are sourced from Tan et al. (2022b). Others are reported in original papers. The best results under the
same setting are highlighted in bold, and the second-best results are underlined.

4.2 Baselines

We organize baselines along two comparison axes.
First, we instantiate our method with ATLOP and
DREEAM as base methods to assess its gener-
ality across implementations. We further com-
pare against representative loss-based optimization
methods and plugin-based approaches, including
HingeABL, PEMSCL, P>M, APRDL, AMTL, and
JMRL, under the same setting.

4.3 Implementation Details

We implemented our approach by PyTorch (Paszke
et al., 2019) and HuggingFace Transformers (Wolf
et al., 2019). Experiments using BERT, . were
conducted on a single NVIDIA 5060Ti 16GB GPU,
while those using ROBERTa;,,.4. Were conducted
on a single NVIDIA 4090 24GB GPU. We utilized

the public repositories of ATLOP? and DREEAM*
and set all hyper-parameters according to their the
original papers throughout training and evaluation.
To mitigate potential bias, we present the average
results and standard deviations of our proposed
methods over 5 independent runs. The results on
the DocRED test set were obtained by submitting
the predictions to CodaLab’.

5 Main Results and Ablation Study

5.1 Main Results

Table 2 presents the performance of our proposed
SegDRE framework applied to the baselines, AT-
LOP and DREEAM, on the DocRED dataset. As
observed, equipping base models with SegDRE

3https://github.com/wzhouad/ ATLOP
*https://github.com/YoumiMa/dreeam
Shttps://codalab.lisn.upsaclay.fr/competitions/365#results
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consistently yields improvements across most met-
rics. Specifically, with BERTy,s., SegDRE im-
proves ATLOP and DREEAM by 0.19, 0.39 in F1
score, respectively. Similarly, when encoded with
the ROBERTa,,.¢4. encoder, our approach improves
the F1 scores of ATLOP and DREEAM by 0.39 and
0.53, respectively. Notably, SegDRE boosts Inter-
F1 scores of ATLOP and DREEAM by 1.00 and
0.73 on RoBERTa,.4¢, demonstrating its strength
in complex multi-hop reasoning.

Table 3 shows our results on the Re-DocRED
dataset, where the performance gaps between base
models with and without our augmentation are
more pronounced. Our approach elevates the F1
score of ATLOP, DREEAM w.o. ISF (Inference
Stage Fusion) and DREEAM w. ISF by 2.52, 2.31
and 0.59, respectively. Corresponding improve-
ments of 2.69, 2.29, and 1.01 are also observed
in the Ign-F1 scores. Our approach exhibits su-
perior performance compared to competitive en-
hancements such as JIMRL, APRDL, and AMTL.
In the ATLOP setting, ATLOP-SegDRE achieves a
Test F1 of 80.25, outperforming the previous best
variant ATLOP-P?M (80.02) and ATLOP-AMTL
(79.97). Similarly, in the DREEAM setting, our
method demonstrates significant advantages, sur-
passing DREEAM-AMTL with a Test F1 of 80.25.
When combined with ISF, DREEAM-SegDRE w.
ISF achieves a Test F1 of 81.32, slightly outper-
forming the state-of-the-art loss-based approach,
APRDL.

5.2 Ablation Study

To examine the effectiveness of different compo-
nents in our approach, we conduct a series of abla-
tion studies on DocRED using DREEAM encoded
by BERT}, ¢, and the corresponding results are pre-
sented in Table 4. The detailed analysis is outlined
below:

w/o salient entity identification. Removing the
salient entity identification task and assigning ran-
dom entity as salient results in a decrease in per-
formance, indicating the necessity of accurately
identifying the salient entity for effective goal de-
composition.

w/o dense or sparse. Excluding either the dense
or sparse relation extraction components leads to
a degradation in performance. This demonstrates
that both components contribute significantly to
overall performance.

w/o knowledge injection. We remove the knowl-
edge injection machanism, directly feeding the

original document text to train the model and infer
on sparse triples. This leads to a significant ~ 9
drop in F1 score on the sparse dev set (see Table 7),
which in turn imposes a bottleneck on the overall
results, thereby demonstrating that the knowledge
injection is indispensable for both sparse and final
fused predictions.

w/ o threshold grid search. Directly merging dense
and sparse predictions with positive scores leads
to a slight performance drop. This indicates that
the proposed approach already benefits from the
dense/sparse decomposition under a simple fusion
scheme, while threshold grid search further refines
the final predictions by calibrating the confidence
of different components.

naive ensemble. We compare SegDRE with a naive
ensemble of two independent base models. While
this ensemble outperforms a single model, it still
lags behind SegDRE. This confirms that our perfor-
mance gains stem from the explicit decomposition
into heterogeneous learning objectives (dense vs.
sparse), rather than the mere combination of homo-
geneous predictions.

Model Ign-F1 F1

DREEAM-Seg with BERT40se ~ 60.98  63.06
w/o salient entity identification ~ 60.62  62.45
w/o dense 60.84  62.82
w/o sparse 60.81  62.80
w/o knowledge injection 60.83  62.83
w/o threshold grid search 60.92 62.84
naive ensemble 60.72  62.79
DREEAM with BERT e 60.60  62.50

Table 4: Ablation study on DocRED dev set.

6 Further Analysis

6.1 On Selecting Salient Entity

As the pivotal entry point of the SegDRE, salient
entity plays a dual role: it determines whether the
dense stage is assigned the correct scope of sample
pairs, and it dictates the quality of the intermedi-
ate knowledge injected into the subsequent sparse
stage. To evaluate the effectiveness of our proposed
ZIP-based identifier, we compare it against four al-
ternative selection strategies: (1) Max Mention:
selecting the entity with the highest frequency of
occurrence; (2) Edit Distance: selecting the entity
whose name has the smallest Levenshtein distance
to the document title; (3) Aggregation: counting
the number of relations predicted by a standard re-
lation extractor to identify the entity with the most
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relations; and (4) Regression (linear): predicting
relation counts with a standard linear regression

objective.
Selction Method Accuracy Saliency Dev  Devgense Deviparse
Regression (linear) 73.86 84.52 6295 71.81 40.13
Regression (ZIP) 74.35 8576 63.06 71.84 40.79
Aggregation 69.14 83.61 62.93 70.66 39.46
Max Mention 38.06 54.67 62.68  61.03 24.92
Edit Distance 36.29 5553 6259  66.04 23.75

Table 5: Performance comparison on DocRED dev set
across different selection methods.

The comparative results are presented in Table 5.
‘We observe that heuristic rules (Max Mention and
Edit Distance) exhibit poor identification accuracy
(< 40%). Consequently, this misidentification
leads to a performance drop in the downstream ex-
traction, particularly in the sparse stage (Devgparse
drops from 40.79 to ~ 24). This phenomenon
strongly validates our motivation: the reasoning
of sparse relations relies heavily on the injection
of high-quality semantic information derived from
the correct salient entity. When the salient entity is
misidentified, the bridge for knowledge transfer is
broken.

Furthermore, although linear count regression
is competitive, it still underperforms ZIP-based
regression, indicating that explicitly modeling zero
inflation is beneficial for salient-entity estimation
under highly sparse DocRE labels. The same trend
holds against the aggregation strategy, confirming
that the ZIP design is a statistically aligned choice
for our decomposition pipeline.

6.2 Impact of Ratio o

In our proposed approach, o determines the per-
centage of top-ranked 7z, injected into the docu-
ment during inference to balance error propagation
and semantic richness. We observe that the final
extraction performance exhibits an increasing trend
as « increases. Therefore, we fix a at 100% for our
approach. Additionally, we conducted an analysis
on the impact of knowledge injection from predic-
tion of base model and ground-truth relation triples.
Please refer to Appendix A.2 for more details.

6.3 Threshold Shift Analysis

To better understand the behavior of our inference
stage fusion strategy, we record the distribution
of threshold shifts for each component after grid
search on the development set in Figure 5. We
observe that the optimal thresholds for the dense

: JiiH
1
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Figure 4: F1 gains on dev set with varying « (dense
predictions) compared to the o = 0 setting. Thresholds
are fixed to save time.
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Figure 5: Threshold shift distribution for each part.

part are generally lower than the anchor thresh-
old, while the thresholds associated with the base
and sparse parts are mostly shifted upward. This
asymmetric shift pattern suggests that the fusion
process implicitly favors dense relations as the pri-
mary source of reliable predictions, while selec-
tively incorporating complementary information
from base and sparse parts.

6.4 Case Study

We conduct a case study to qualitatively analyze
the behavior of different stages in our approach.
The results show that the dense stage focuses on ac-
curately extracting relations centered on the salient
entity, while the sparse stage improves the recall
of multi-hop relations. Their combination leads to
more complete and accurate predictions. Detailed
examples are provided in the Appendix A.3.
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7 Conclusions

In this paper, we propose a model-agnostic ap-
proach that decomposes the complex extraction
task into distinct sub-objectives driven by salient
entity identification. By explicitly leveraging these
entities to decouple both training and inference
process, our approach significantly narrows the
search space for salient entity relations and mit-
igates the difficulty of multi-hop reasoning via re-
constructing the document context. Extensive ex-
periments verify that our approach yields consistent
improvements across various backbone models and
achieves state-of-the-art performance among com-
petitive enhancement methods.
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Limitations

Our method has certain limitations that should be
acknowledged. First, our method assumes the ex-
istence of a single salient entity to guide task de-
composition. Although valid for the datasets used
in our experiments, this assumption may be re-
strictive for documents that contain multiple entity
clusters with densely interconnected relations. Sec-
ond, for simplicity and fair comparison, we adopt
unified hyper-parameter settings, training schemes,
and model architectures across different stages of
SegDRE. While this design choice highlights the
generality of SegDRE, allowing each component
to employ task-specific modeling strategies could
further improve the overall extraction performance.
We leave the exploration of such task-specific com-
binations to future work.
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A Appendix

A.1 On Defining Salient Entity

Salient Standard In addition to Max Relation,
we consider two alternatives: Max Mention and
Max Intra-relation. The Max Mention standard
assumes that the most frequently mentioned entity
represents the semantic focus. Max Intra-relation
generally aligns with Max Relation but may bet-
ter capture the specific topic in cases of disagree-
ment. For instance, in the document Sansa Stark,
Max Intra-relation correctly identifies the character
as the focus, whereas Max Relation points to the
broader parent entity A Song of Ice and Fire.
However, quantitative analysis in Table 6 reveals
that Max Mention lacks sufficient coverage in both
1-hop (essential for positive enrichment) and 2-hop
(crucial for bridging) settings. While Max Intra-
relation is thematically more precise, it offers lower
structural coverage and yielded slightly inferior
performance in our experiments compared to the
one guided by Max Relation. Consequently, we
retain Max Relation as the defining standard.

Selection Criterion DocRED Re-DocRED
1-hop 2-hop 1-hop 2-hop
Max Relation 61.12 87.27 54.09 90.89
Max Intra-relation 52.83 83.10 49.51 89.15
Max Mention 31.09 6745 27.09 76.82

Table 6: Average coverage (%) of relations per docu-
ment within 1-hop and 2-hops from salient entities.

Number of Salient Entities Our decision to se-
lect a single salient entity is primarily driven by
the specific characteristics of the DocRED dataset.
Constructed from Wikipedia, each document in
DocRED is naturally grounded by a title entity,
making a unique semantic anchor appropriate.
Empirically, we justified this choice by analyz-
ing coverage efficiency. We constructed a greedy
entity chain by iteratively selecting the entity cover-
ing the most remaining relations. As illustrated in
Figure 6, the number of covered relations follows
an approximate exponential decay as the chain or-
der increases. However, the search space in the
dense phase grows linearly with the number of
salient entities. Consequently, selecting only the
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top-ranked entity achieves the highest positive sam-
ple density, while avoiding the scarcity of relation
labels in the sparse relation extraction that leads to
insufficient supervision.

g
g
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Re-DocRED|

Log Ratio (w.r.t. 1st Entity)
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Figure 6: Relation coverage statistics across the greedy
entity chain. The left axis displays the absolute number
of covered relations, while the right axis shows the
logarithmic ratio relative to the top-ranked entity.

A.2 Knowledge Injection

Impact of injecting base prediction When in-
jecting Ty, as intermediate knowledge, we ob-
serve that the performance initially improves but
subsequently declines as the injection ratio o in-
creases in Figure 7. This trend suggests that knowl-
edge injection requires a careful balance between
knowledge richness and error propagation.

| Fl
® lgnFl

T T T T T T
0 20 40 60 80 100

Figure 7: F1 gains on dev set with varying « (base
predictions) compared to the v = 0 setting. Thresholds
are fixed to save time.

Impact of injecting ground-truth We also ex-
amine the performance at the sparse stage when
ground-truth labels related to salient entities are
applied to enrich the original text. Table 7 demon-
strates that the performance gap between using
predicted versus ground-truth dense relations is

minimal. This indicates that our sparse extraction
module is highly robust: it effectively leverages
the semantic guidance from the dense stage even
when the intermediate predictions contain noise,
validating the practicality of our pipeline approach.

Standard Ign-F1 F1
DocRED with BERT s

ground-truth 40.55+0.22  41.124+0.15
dense inference  40.31+0.29  41.0540.23
original text 30.97 31.63

Re-DocRED with RoBERTa;4ge
ground-truth 64.77+£0.15
dense inference  64.7440.22

65.20£0.13
65.06£0.27

Table 7: Performance comparison of knowledge injec-
tion on (Re-)DocRED sparse dev set: ground-truth vs
dense inference. The baseline performance on the origi-
nal text (w/o injection) is included for reference.

A.3 Case Study

Figure 8 presents one of case studies, which illus-
trates how our approach enhances the base method
DREEAM. Firstly, in the dense RE stage, the
model identifies more accurate relations involving
the salient entity "Franck". Then in the sparse RE
stage, by transforming the original document with
these triples as intermediate knowledge, the model
successfully extracts multi-hop relations like ("Les
Saisies", "French", country) and ("Leila", "Ted",
sibling). Above all, SegDRE achieves better per-
formance on this example.

23811



original text

[1] A native of

[0] Franck Piccard ( born 17 September 1965 ) is a French former Alpine skier.
, Piccard won a total of four Alpine skiing World Cup races.

[8] His father gave him the name Franck in tribute to Frank Sinatra. Piccard's siblings Leila Piccard, Ian Piccard
and Jeff Piccard also competed as alpine skiers, as does his daughter Lucie.
[9] Another brother, Ted Piccard, has competed in both alpine skiing and skiercross.

2,
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Yoz

Base Franck

3
£

Leila

French

Ted

Dense
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transformed text

[0] Franck Piccard place of birth

[1] A native of
races.

(‘born 17 September 1965 ) is a French former Alpine skier.

, Piccard country of citizentiship French won a total of four Alpine skiing World Cup

[8] His father gave him the name Franck in tribute to Frank Sinatra. Piccard sibling Ted 's siblings Leila Piccard,
Ian Piccard and Jeff Piccard also competed as alpine skiers, as does his daughter Lucie.
[9] Another brother, Ted Piccard, has competed in both alpine skiing and skiercross.
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Figure 8: A case study comparing DREEAM and DREEAM-Seg on a document from DocRED dev set. Part of
entities, relations and sentences are displayed due to space limit.
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