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Abstract

Through document-level relation extraction (RE),
the analysis of the global relation between entities
in the text is feasible, and more comprehensive and
accurate semantic information can be obtained. In
document-level RE, the model needs to infer the
implicit relations between two entities in different
sentences. To obtain more semantic information,
existing methods mainly focus on exploring entity
representations. However, they ignore the correla-
tions and indivisibility between relations, entities
and contexts. Furthermore, current methods only
independently estimate the cases of predefined re-
lations, ignoring the case of “no relation”, which
results in poor prediction. To address the above
issues, we propose a document-level RE method
based on attention mechanisms, which considers
the case of “no relation”. Specifically, our approach
leverages graph attention and multi-head attention
networks to capture the correlations and indivisi-
bility among relations, entities, and contexts, re-
spectively. In addition, a novel multi-label loss
function that promotes large margins in label con-
fidence scores between each predefined class and
the none class is employed to improve the pre-
diction performance. Extensive experiments con-
ducted on benchmarking datasets demonstrate that
our proposed method outperforms the state-of-the-
art baselines with higher accuracy.

1 Introduction

Relation extraction (RE) is an important subtask in infor-
mation extraction (IE) and plays a key role in construct-
ing large-scale knowledge graphs for many applications such
as recommendation systems. Considerable effort has been
made to extract all entity relation triples within a sentence,
yielding some success in what is known as sentence-level
RE [Zhang et al., 2018; Soares et al., 2019]. In contrast, there
is much less work in document-level RE [Zeng er al., 2020;
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Zhou et al., 2021; Jiang et al., 2022; Zhou and Lee, 2022].
Document-level RE is more challenging than sentence-level
RE since documents often contain a lot of implicit relations
that can only be identified with the help of relation reasoning
[Xu et al., 2023; Zhang et al., 2023]. It is necessary to con-
sider the information across sentences and establish the rela-
tion between entities, rather than just extract the relation from
a single sentence. In addition, there may be cross-sentence,
cross-paragraph or even cross-chapter relations in the docu-
ment, which requires cross-text relation reasoning. For ex-
ample, as shown in Figure 1, the subjects “Wisconsin”, “the
United States House of Representatives” and the object “US”
are located in different sentences, which makes it hard to dis-
cover the relations between them. To be specific, document-
level RE is facing two main challenges as follows:

Challenge 1: Long-tail Problem. In document-level RE,
there are numerous low-frequency or sparse relation in-
stances, known as the long-tail problem. In the context of
long-tail data, the model tends to prioritize high-frequency
categories while struggling to recognize the tail ones, exac-
erbating the challenge in document-level RE. This imbalance
makes it more difficult to train the model, as the model can
not fully learn the context of the relations and capture their
distinctive features.



Proceedings of the Thirty-Third International Joint Conference on Artificial Intelligence (IJCAI-24)

Challenge 2: Multi-label Problem. In document-level RE,
a single document can involve multiple relation types simul-
taneously, leading to multiple labels. For instance, a news
report may encompass various aspects such as relations be-
tween individuals, location information, and event timing,
which correspond to the labels. Consequently, the task of
document-level RE becomes a multi-label classification prob-
lem where the model needs to predict all existing relation
types within the document concurrently.

To address these challenges, most existing approaches ap-
ply Transformer [Xie et al., 2022; Zhou et al., 2021] and
graph-based approaches [Nan ez al., 2020; Peng et al., 2022;
Xu et al., 2021b] to solve the long-tail problem and multi-
label classification problem of relation types. However, these
approaches ignore that relation, as an important component
in the triple, exhibits informative correlations together with
entities and contexts. For example, the two relations “last
name” and “inclusion” often co-occur between the same pair
of entities, but these two relations occur at different rates cue
with the specific contexts. Thus, the ability to model and fully
exploit the rich interactions across relations, entities, and con-
texts is critical to the task. Although the researchers [Xu et
al., 2022] have proposed EmRel to fusion representations of
relations, entities and contexts, they still ignore the correla-
tions between relation types.

Moreover, the majority of existing methods for document-
level RE rely on binary cross entropy (BCE) loss [Bishop,
19951, which solely considers the case of predefined rela-
tions independently while disregarding the case of “no rela-
tion”. However, this loss overlooks the crucial insight that
both the cases of none class and predefined classes are piv-
otal for multi-label prediction due to their high correlation
(increased cases of the none class translate to decreased cases
of all predefined classes). Without consideration of the case
of “no relation”, whether an entity pair has certain relations
is determined via global thresholding (i.e., the labels, cor-
responding to the certain relations, have higher confidence
scores than a defined threshold will be selected as final pre-
dictions). However, this approach fails to take the context of
each entity pair into account and produces too many or too
few labels, thereby yielding poor predictions.

To deal with the above issues, we propose a novel approach
with none class ranking loss, which leverages embedded rep-
resentations of relations. Specifically, we treat relation repre-
sentations as embedding vectors and model the correlations
among relation types and the indivisibility among relations,
entities, and contexts via an attention-based fusion module.
Then, we employ a novel multi-label loss named none class
ranking loss to improve the prediction performance.

To demonstrate the validity and generality of our method,
we conducted comprehensive experiments on public datasets,
and the results showed that our method consistently outper-
formed all competing baselines. The main contributions of
this paper are as follows:

* We model the correlations among relation types and in-
divisibility of relations, entities, and contexts through
graph attention and multi-head attention networks.

¢ We use a novel multi-label loss named none class rank-
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ing loss to improve the prediction performance through
a novel multi-label loss named none class ranking loss.

* Intensive experiments are conducted on the two com-
monly used datasets, which proves that capturing rich
semantic information contained in relations, entities and
contexts and taking the case of “no relation” into con-
sideration help improve the accuracy of joint extraction
of entity and relation. The sourcecode is available at
https://github.com/sugarman490/Document-RE.

2 Related Work

Extracting multi-triples from document-level text has re-
cently aroused increasing interest [Yao ef al., 2019]. Exist-
ing methods take the entity perspective that proposes vari-
ous techniques to model entity interactions. LSR [Nan et al.,
2020] and GAIN [Zeng et al., 2020] construct an entity graph,
and perform graph-level reasoning to refine the entity node
representations. SSAN [Xu er al., 2021a] introduces entity
structure as useful prior, and models such information within
the transformer attention layer. DocuNet [Zhang et al., 2021]
utilizes a segmentation network to model the interdependency
among entity pairs. DRE [Xu et al., 2023] proposes a new ev-
idence extraction model which explicitly extracts the precise
evidence for each entity pair. [Zhang et al., 2023] empha-
sizes the bidirectional semantic interaction between the doc-
ument encoder and the graph encoder. In conclusion, inter-
triple correlations are only captured at the entity level by these
methods. However, the correlations and indivisibility among
relations, entities and contexts are neglected.

Relation Embedding. There is one specific previous
work [Chen and Badlani, 2020] that also considers model-
ing relation representations. CRE uses the sentence repre-
sentation as relation embeddings, and scores them with the
entity embeddings trained along with the knowledge base.
EmRel [Xu et al., 2022] jointly represents relations with en-
tities. However, they still ignore the correlations among re-
lation types which are important for improving the accuracy
of extracting triples. This raises significant advantages with
our method in design that our method models both the cor-
relations among relation types and the inseparability between
relations and entities or contexts. SRLR [Huang et al., 2023]
separates the entity pair to the mention-level that can cap-
ture more fine-grained relation representation and elicit log-
ical reasoning based on evidence sentences to enhance the
performance.

Multi-label Learning. Multi-label classification is a well-
studied problem with rich literature. Here, we focus on loss
functions for multi-label learning. BCE is the most popu-
lar multi-label loss, which reduces the multi-label problem
into a number of independent binary (one-vs-all) classifi-
cation tasks, one for each label. Another common multil-
abel loss function is pairwise ranking loss, which transforms
multi-label learning into a ranking problem via pairwise (one-
vs-one) comparison. Many attempts have been made to im-
prove these two types of multi-label loss functions [Yeh et
al.,2017; Liet al., 2017; Durand et al., 2019; Xu et al., 2019;
Wu et al., 2019; Ridnik et al., 2021]. However, as far as we
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know, none of the existing loss functions as well as theoret-
ical studies consider none class instances, which commonly
appear in real-world multi-label applications.

Contrary to previous approaches, we consider the correla-
tions between relation types and the indivisibility among re-
lations, entities, and contexts by utilizing graph attention net-
works and multi-head attention networks. Furthermore, we
employ a novel loss to improve the poor prediction caused by
ignoring the case of “no relation”. With these changes, our
method achieves higher accuracy than the previous ones.

3 Methodology

In this section, we provide a detailed description of our
method. As illustrated in Figure 2, our method comprises
three components: the fusion module for representation, the
alignment module, and the none class ranking loss. Firstly,
within the fusion module for representation, interactive mod-
eling is conducted between relations using graph attention
networks (GAT) [Veli¢kovic et al., 2018] to capture the cor-
relations among relation types (Section 3.1), which is ignored
by previous methods. Subsequently, we briefly describe a
representation alignment module that aligns the triple struc-
tures (Section 3.2). Finally, we utilize the none class ranking
loss to improve the poor prediction performance existing in
current methods (Section 3.3). Many ablation experiments
demonstrate the effectiveness of our designed modules.

3.1 Fusion Module for Representation

The pre-trained language model BERT [Kenton and
Toutanova, 2019] is utilized to construct the entity representa-
tion and extract the context representation from the final layer
at the corresponding position:

(hi, ha, ...hy) = BERT (Wi, wa, ..wy), (1

where we denote it as H € RH{WitIXdn We then construct
each entity representation e; € R% by applying the pooling
operation to its corresponding reference location, and further
map it to the corresponding subject and object representations
e;,e?. Thus, we represent all extracted entity representations

as B, E° ¢ RIEIxde

Relation Correlation. Using several relation labels in Fig-
ure 1 as an example, we can see correlations among re-
lation types in Figure 3. The relation correlation interde-
pendence is initially modeled using conditional probabil-
ity, where P (L | L,) denotes the likelihood of relation
type Lp occurring given the occurrence of relation type
L,. To account for the symmetry in conditional probability
P(Ly|Ly) # P(Ly| Lp), a relation-dependent digraph is
constructed based on prior relation knowledge from the train-
ing set used for modeling, resulting in an asymmetric adja-
cency matrix.

To construct the correlation matrix, we calculate the co-
occurrence of the relations and obtain the co-occurrence ma-
trix C"™*", where r is the number of predefined relation types.
To obtain the conditional probability among relations, we di-
vide each element of the co-occurrence matrix C"*" by the
total number of co-occurrences of the relations:

Pij = Cij/z Cij, ()
J
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where P;; = P (L; | L;) represents the probability of relation
type L; when relation type L; occurs.

However, the previous method of constructing a correla-
tion matrix may present two drawbacks. Firstly, certain re-
lations seldom occur in conjunction with others, leading to
an inflated probability value of co-occurrence that is deemed
unreasonable. Secondly, there may exist a statistical bias be-
tween the training dataset and test dataset. Utilizing precise
numbers tends to overfit the training data, potentially compro-
mising generalization. To mitigate these issues, we introduce
a threshold value 7 to filter out these infrequent co-occurrence
relations and address the aforementioned concerns. Then we
binarize the conditional probability matrix P by

0, if P, ij < 0
B”_{l, it Pj>6’ )
where B is the binarized correlation matrix. ¢ is the condi-
tional probability threshold. Besides, We add the self-loop by
setting B;; = 1,i=1,...,r.

One challenge associated with utilizing a binary correla-
tion matrix B in graph neural networks is the issue of over-
smoothing [Zhou et al., 2020], wherein node attribute vectors
tend to converge towards similar values. This occurs due to
the absence of inherent weight differentiation between rela-
tional features and those of neighboring nodes. To address
this problem, we employ the following reweighting scheme:

R;j = {P/Z;=1 Bij. ?f l iJ. ,
1-p, if i=j
where R is the re-weighted relation correlation matrix and p
is a hyperparameter. In this way, the fixed weights for the
relation feature and its neighbors will be applied during train-
ing, which is beneficial for alleviating this issue.

Relation features are embeddings obtained similarly to
word embeddings. We employ GAT networks with K-head
attention mechanisms to aggregate these relation features for
two primary reasons. Firstly, GAT is well-suited for directed
graphs, making it an appropriate choice. Secondly, GAT of-
fers enhanced expressive capabilities as the weights of each
node can vary. The resulting feature after the GAT transfor-
mation is denoted as R € R"*98  where r represents the num-
ber of relation features and dp denotes the dimensionality of
the transformed feature.

4)

Representation Fusion. To effectively capture the indivis-
ibility between entities and relations within a shared knowl-
edge representation space, we fuse them to facilitate mutual
learning. To model the interactions between these compo-
nents, we employ the attention network [Bahdanau er al.,
2015], which has demonstrated great success in capturing in-
tricate relations within contexts [Yu et al., 2018] and modali-
ties [Lu et al., 2016]. In particular, we adopt the widely-used
multi-head Attention (MHA) network [Vaswani et al., 2017]
in our work. In the context of our task, where the target rep-
resents Xp and the source represents Xg, each head of the
MHA network operates as follows:

X =Att (XoW2, XsWK, XsW")
XoW2)(XgWK)T )]
(XoW<) (XsWH) XsWV.

e

=softmax (
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Figure 2: The framework of our method.
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Figure 3: An example of the correlation calculation among the rela-
tions in Figure 1.

where XQ represents the updated representation of X with
respect to Xg, all heads function concurrently and their out-
puts are concatenated together. To take advantage of the
full interaction among all components, we first build an en-
tity/context aware representation of relations R:
R® = Atty, (RWC,ESWK ESWY),
R° = Att,, (RWC, E°WK E°WY), (6)
R = Att.o, (RWC, HWK HWY),

which are then aggregated together using layer normalization:
R= LayerNorm(ﬁS +R% + ﬁc). 7

We generate relation-aware entity representations based on
the relation features acquired from the Relation Correlation

Module as follows:
E® = Att o, (E*W2, RWX RWY),

R 3
K° = Att,, (E°WS, RWK, RWY).

7SI R TPR L)

The abbreviations “s”, “0” and “c” stand for subject, ob-
ject and context respectively. Each attention module is en-
veloped with residual connections, feedforward layers, layer
normalization, and instantiated with distinct W2, WX and
WYV parameters to capture diverse attention patterns. The fu-
sion module produces comprehensive representations of rela-

tions, subjects and objects denoted as RE*E°.

3.2 Alignment Module

We extracts triples by aligning their ternary components R,
E*, and E°. To fully leverage their expressive capabilities,
we propose factory-based alignments utilizing Tucker factor-
ization [Tucker and others, 1964]. In this approach, we in-
troduce a core tensor Z € R%*ds*de The validity score for
each < s;, 7y, 05 > is calculated as follows:

G(si 11, 05) = 0(Z X1 & Xo Bi X3 €7 + by), )

where & = EJ , £ = Ry..8) = E;’ .» and Xn indicates tensor
product along the n-th mode, o~ denotes sigmoid function.

3.3 None Class Ranking Loss

The task of Document-level RE can be viewed as a multi-
label classification problem, where each entity pair repre-
sents an instance and the association between them serves
as a label sample. Let X denote the instance space and
Y = {0,1}X represent the label space, with K being the
number of predefined classes. An instance x € X is as-
sociated with a subset of labels, represented by the binary
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vector y € Y = (y1,...,Yk), where y; = 1 if the i-th
label is positive for x; otherwise y; = 0. To indicate that
there are none class instances, all labels can be set to negative
(yi=0,i=1,...,K). For ease of notation and clarity in pre-
senting the loss function, we introduce a special class called
none and assign it the 0-th label yy without loss of generality.
Consequently, the absence of any class instance can simply
be indicated by setting yo = 1.

Performance Measure. In contrast to document-level RE,
traditional multi-label datasets typically assume that each in-
stance contains at least one positive label, ensuring that no in-
stances lack a class for training. Consequently, existing multi-
label performance measures primarily focus on the prediction
of predefined labels, disregarding the prediction impact of the
none class. However, the probability of the predefined class is
closely associated with the probability of the none class. Ne-
glecting this label correlation in performance measures can
lead to the oversight of poor predictions that should be pe-
nalized during training. This oversight increases the risk of
misclassification, particularly in the case of document-level
RE, where a significant portion of entity pairs falls within the
none class.

To address the need for improved evaluation of document-
level RE performance, we transform the multi-label predic-
tion of each instance into a label ranking, where positive pre-
defined labels should be ranked higher than the none class
label, while negative ones should be ranked below. Formally,
we introduce a multi-label performance measure. The formu-
lation is as follows:

K

v ) =) (v > 01 < foll
i=1 (10)

+ Dy <OMLA > /ol + 5117 = ol

where f; is the confidence score of class i, and [] is a map-
ping that returns 1 if its content is true and O otherwise. The
multi-label performance measure treats the none class label
as an adaptive threshold that distinguishes positive from neg-
ative labels and counts the number of reverse-arranged label
pairs between the none class and each predefined class, which
takes into account errors when sorting both the none class and
the predefined labels.

Loss Function. For practical multi-label learning, it is es-
sential to minimize surrogate loss, which should be simple
and amenable to optimization. Therefore, we employ none
class ranking loss:

K
LGy f) = = ) (i Togrmf) + (1 = y0) - log r(omy ) ),

i=1

Y
where m{ = f; — fo and m; = fy — f; represent positive and
negative label margins, respectively, and o (x) is the sigmod
function that converts label margins to the probability output
in [0,1]. Intuitively, minimizing encourages positive (nega-
tive) labels to score as high (low) as possible over none class
labels. When testing, we can return a label with a score higher
than fy as a prediction label, or NA if no such label exists.

6573

Margin Regularization. In document-level RE datasets,
the number of positive samples per relation is much larger
than the number of negative samples. This positive and nega-
tive sample imbalance allows the loss to push a large number
of negative samples away from the threshold fy to achieve
low training loss. Therefore, training with unbalanced data
tends to make negative predictions for predefined labels with
rare positive samples. To solve this problem, we propose to
control the average margin and design the following regular-
ization term:

Lxa, (v, f) = =yo - log o (mg) = (1 = yo) - log o (myg). (12)
The average positive and negative margins, denoted as m§ =
Jfo — % Zfilf,- and m; = % Zﬁl fi — fo respectively, are
utilized in the margin regularization Lna, (y, f) for instances
with yo = 0 to penalize the average score overall pre-defined
labels if it is smaller than fy. This approach avoids over-
suppressing scores of negative samples. For none class in-
stances with yo = 1, a threshold value of fy larger than the
largest score among all pre-defined labels is required. How-
ever, directly maximizing the margin fy — max;xo f; can lead
to unstable results due to changes in the pre-defined label with
max;o f; during training. Instead, Lna, (¥, f) maximizes the
upper-bound of fy — % Zfil /i which is given by the average
margin value of fy — max;zo f;, encouraging that value to be
at top position in label ranking.

Margin Shifting. Another practical problem in document-
level RE is the problem of labeling errors. Because docu-
ments can describe a variety of things, it is difficult for human
annotators to accurately and broadly annotate all the relations
of each entity pair. As a result, document-level RE datasets
often contain considerable noise in markup. Among misla-
beled data, false-negative samples are particularly common
in practice.

To obtain stronger robustness to mislabeled samples, we
suggest shifting the transformed negative margin o (m;) in
formula (10) as follows:

p; =max(o(m;)+v,1),i=0,1,...,K, (13)

where 0 < y < 1 is a hyper-parameter. This margin shifting
approach increases the probability of all negative samples by
a factor vy, thereby attenuating the impact of very hard nega-
tive samples with small o-(m;) = P(y; = Olx) during train-
ing, which are suspected to be mislabeled. Additionally, very
easy samples with o-(m;) > 1 — y get a zero loss and are
ignored, enabling the loss to focus more on harder samples.

Despite the existence of similar shifting methods [Lin et
al., 2017; Ridnik et al., 2021; Wu et al., 2020], they fail to
consider none class labels and shift the score f; instead of the
margin m; . Since the none class score fy aligns the margins
m; of pre-defined labels in the same range, margin shifting is
more suitable than score shifting in adjusting the prediction
probability for different training samples. Incorporating the
margin regularization and shifting, our final loss function is
defined as follows:

K

Laa(y, ) == ), (i -logor(mf) + (1= y)) -log p; )
0 (14)
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DocRED Re-DocRED
Model Dev Test Dev Test

Ign F1 F1 IgnF1 F1 Ign F1 F1 Ign F1 F1

GEDA-BERT [Li et al., 20201 54.52 56.16 5371 55.74 - - - -

LSR-BERT [Nan et al., 2020] 52.43 59.00 56.97 59.05 - - - -

GLRE-BERT [Wang et al., 2020] - - 55.40 57.40 - - - -
GAIN-BERT [Zeng et al., 2020] 59.14 61.22 59.00 61.24 71.99% 73.49*% 71.88% 73.44%

HeterGSAN-BERT [Xu et al., 2021c] 58.13 60.18 57.12  59.45 - - - -

SSAN-BERT [Xu et al., 2021a] 56.68 58.95 56.06 58.41 - - - -

BERT-TS [Wang et al., ] - 54.42 - 53.92 - - - -

HIN-BERT [Tang et al., 2020] 54.29 56.31 53.70  55.60 - - - -

CorefBERT [Ye et al., 2020] 55.32 57.51 54.54 56.96 - - - -
ATLOP-BERT [Zhou er al., 2021] 59.22 61.09 59.31 6130 73.35% 74.22% 73.22% 74.02%

SIRE-BERT [Zeng et al., 2021] 59.82 61.60 60.18  62.05 - - - -
DocuNet-BERT [Zhang et al., 2021] 59.86 61.83 59.93 61.86 73.601 74.621 73.531 74.48%
KD-DocRE-BERT [Tan et al., 2022al 60.08 62.03 60.04 62.08 73.68F 74.667 73.641 74.55%
KMGRE-BERT [Jiang er al., 2022] - - - - 73.33%  74.44% 73.39% 74.46%

SRLR-BERT [Huang et al., 2023] 60.02 62.14 59.74 61.88 - - - -
Ours-BERT 61.55+0.20 63.49+0.15 61.51 63.40 75.54 7626 75770  76.30

Table 1: Experimental results on the datasets DocRED and Re-DocRED. We report the mean and standard deviation on the development set
by conducting five experiments with different random seeds. Besides, we report the test scores of the best checkpoint on the development set.
* indicates that scores are reported in [Jiang er al., 2022]. Results with 1 are obtained by our reproduction. The best results are in bold.

4 Experiments

4.1 Datasets and Settings

Datasets. The experiments are conducted on two widely
used datasets, shown as follows:

* DocRED [Yao et al., 2019] is a common document-level
RE dataset used to evaluate and promote research on
document-level RE tasks. The goal of this dataset is
to extract relation triples from a given document. The
documentation for the DocRED dataset is sourced from
Wikipedia and news articles, covering multiple fields
and topics. Compared with traditional sentence-level RE
tasks, DocRED datasets examine more complex RE sce-
narios that require cross-sentence, cross-paragraph and
even cross-discourse relation inference and reasoning.

e Re-DocRED [Tan et al., 2022b] is another revised ver-
sion of DocRED. Since DocRED contains a consider-
able number of false-negative samples, we still conduct
experiments on this revised version.

Settings. We use BERT-Base-Cased [Kenton and
Toutanova, 2019] as the text encoder. The dimension
of embedded relation representation is set as 768. The

learning rate for BERT parameters is Se™ and e™* for
other layers. In the relation correlation module, we set the
threshold 7 to be 10 for filtering noisy co-occurred relations,
and ¢ is set to be 0.05 in equation (3). We set p to be 0.3 in
equation (4). We employ 2-layer GAT networks with k =
2 attention heads computing 500 hidden features per head.
We utilize the exponential linear unit (ELU) as the activation
function between GAT layers. The number of attention heads
in the fusion module is simply set as 4.
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4.2 Baselines and Evaluation Metrics

Baselines. We conduct a comparison between our method
and the Transformer-based and Graph-based methods.

* Transformer-based methods directly employ PLMs
to enhance the acquisition of entity representations for
document-level RE. Examples of such methods include
BERT-TS [Wang et al., |, HINBERT [Tang et al., 20201,
CorefBERT [Ye et al., 2020], ATLOP-BERT [Zhou et
al., 2021] and SRLR-BERT [Huang et al., 2023].

* Graph-based methods leverage GNNs to improve the
reasoning capability of document-level RE models. Ex-
amples of such methods consist of EoG [Christopoulou
et al., 2019], DHG [Zhang er al., 2020], GEDA [Li er
al., 2020], LSR [Nan et al., 2020], HeterGSAN [Xu et
al., 2021cl, SIRE [Zeng et al., 2021], and SSAN [Xu et
al., 2021a)]. Furthermore, for comparison purposes, we
also include several recent competitive methods, namely
DocuNet [Zhang et al., 2021], KD-DocRE [Tan ef al.,
2022a], and KMGRE [Jiang er al., 2022].

Evaluation Metrics. Consistent with prior researches con-
ducted [Yao et al., 2019; Zhou et al., 2021; Tan et al., 2022b],
we employ micro F1 and micro Ign F1 as our evaluation met-
rics. Ign F1 excludes the relational facts that are shared be-
tween the training and the development/test sets.

4.3 Main Results

In this part, we carry out a lot of comparative experiments
with existing methods in terms of accuracy on F1 and Ign F1
evaluation metrics.

The results, presented in Table 1, indicate that our method
universally outperforms its baselines on the two datasets. On
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Model Dev Test
Ign F1 F1 Ign F1 F1
Ours 61.55£0.20 63.49+0.15 61.51 6340
-Fusion 61.28+0.25 63.31£0.24 60.88  62.66
-Alignment  60.73+0.52 62.78+0.40 60.02 61.91
-Loss 58.88+0.14 60.97£0.15 5995 61.82

DocRED Re-DocRED
Model Dev Test Dev Test
IegnF1 F1 IgnF1 F1 IgnF1 Fl IgnFl1 FIl

BCE  60.27 62.28 60.14 62.19 74.28 74.97 74.12 74.88
ATL  60.43 6242 60.40 62.38 74.53 75.20 74.67 75.29
NoneClass 61.55 63.49 61.51 63.40 75.54 76.26 75.70 76.30

Table 2: Ablation results on different modules in our method.

DocRED Re-DocRED
3% 5% 7% 3% 5% 7%
our method 63.40 6349 6345 76.18 7626 7622

Model

Table 3: F1-score on the development set when tuning the probabil-
ity filtering threshold 6.

DocRED Re-DocRED
1-L 2-L 3-L 1-L 2-L 3-L
our method 63.37 6349 6343 76.15 76.26 76.20

Model

Table 4: F1-score on the development set with different GAT layers.
L denotes layer.

DocRED, our method improves the baseline by +1.46 Dev
F1, +1.32 Test F1, and also outperforms several previous
studies including BERT-TS [Wang et al., ], CorefBERT [Ye
et al., 20201, LSR [Nan et al., 2020], and SSAN [Xu et al.,
2021al. On Re-DocRED, our method obtains improvements
of 1.61 Dev F1 and 1.79 Test F1 points. These results demon-
strate that our method can better capture the indivisibility
among relations, entities, and contexts, and well handle the
presence of the none class between entity pairs, thus improv-
ing the inference ability of the model.

Furthermore, our method surpasses recent state-of-the-
art models such as DocuNet-BERT and KD-DocRE-BERT
which incorporate dependencies between entity pairs to en-
hance their reasoning capabilities. This further attests to the
exceptional reasoning prowess exhibited by our method.

4.4 Ablation Studies

Effect of Modules. We validate the design of the modules
in our method. Table 2 shows that the fusion module for rep-
resentation, the alignment module, and the none class ranking
loss all contribute to the improvement. Furthermore, it can be
observed that our method exhibits higher performance con-
sistency across multiple iterations, which is influenced by the
effectiveness of our alignment function. Notably, upon its re-
moval, the standard deviation increases from +0.25 to +0.52.

Matrix Construction Threshold. We investigate the effect
of key components in the relation correlation module. As
shown in Table 3, we analyze the effect of probability filter-
ing threshold ¢ in equation (3). It can be observed that the
highest F1 score when ¢ = 0.05 for all experiments. Besides,
the results indicate that 6 = 0.03 will lead to more perfor-
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Table 5: Accuracy comparison of different losses in our method.

mance degradation compared with ¢ = 0.07. The above phe-
nomenon is due to the smaller threshold value resulting in
more noise edges.

Number of GAT Layers. We report the results of different
GAT layers with two heads in Table 4. Results demonstrate
that 1-layer and 2-layer GAT networks achieve relatively sim-
ilar results, while 3-layer GAT networks lead to greater per-
formance degradation. The probable reason for the perfor-
mance degradation is the over-smoothing issue that the node
feature vectors are inclined to converge to comparable values.

Different Losses. To study how none class instances affect
the performance of the none class ranking loss, we conduct
experiments on our method with different losses. We still use
the BERT-base for text encoding. Table 5 shows the accuracy
comparison results. As can be seen, ATL and the none class
ranking loss are better than BCE. On the other hand, due to
the tuned threshold, the none class ranking loss obtains better
accuracy than ATL when facing none class instances. Differ-
ent from sentence-level datasets, document-level RE datasets
contain many none class instances, which can be utilized by
the none class ranking loss for better classification perfor-
mance.

5 Conclusion and Future Work

In this paper, we propose a document-level RE model con-
sisting of a fusion module for representation, an alignment
module and a none class ranking loss. In particular, the fusion
module for representation includes two parts: 1) the relation
correlation part captures the correlations among relations; 2)
the representation fusion part explicitly merges the represen-
tation of relations, entities, and contexts. Finally, the none
class ranking loss maximizes label margins between none
class and each predefined class, captures classless label de-
pendencies, and enables adaptive thresholds for label predic-
tions. Experimental results on two commonly used datasets
show that our model outperforms all existing competing base-
lines. In the future, we consider applying the modules to other
document-level tasks to verify their generality.
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