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Abstract

Zero-Shot Relation Triplet Extraction (ZSRTE) aims to ex-
tract head-tail entity pairs and their corresponding relations
from sentences, where the relations available during infer-
ence are not seen during training. Existing methods typically
assume that entities are continuous; however, in practice, en-
tities can be discontinuous, which poses challenges to these
approaches. To address this issue, we are the first to discuss
and study the ZSRTE task involving discontinuous entities,
and propose an innovative BoG framework, which is based
on our proposed Boundary Token Graph structure. This
method first predicts and adds edges between boundary to-
kens of (dis)continuous entities to construct a token graph,
and then innovatively transforms the relation triplet extrac-
tion task into a process of finding paths in the graph. Addi-
tionally, we design a Boundary Token-Aware Prompt for each
relation to further enhance the interaction between bound-
ary tokens and relation semantics. Experimental results on
four ZSRTE datasets—with or without discontinuous enti-
ties—consistently demonstrate that our method outperforms
previous approaches, achieving state-of-the-art results.

Code and Datasets — https://github.com/LyuKaiLun/BoG

Introduction
Relation Triplet Extraction (RTE) involves extracting rela-
tion triplets in the format [Head Entity, Relation,
Tail Entity] from unstructured text. Since existing
methods (Zheng et al. 2017; Wang and Lu 2020) often rely
heavily on large amounts of annotated data, Chia et al.
(2022) introduced the Zero-Shot Relation Triplet Extrac-
tion (ZSRTE) task to mitigate this dependency. In this task,
the candidate relations during inference are unseen, which
means they are not present in the training set.

The head and tail entities, as key components of a rela-
tion triplet, are not always continuous in some more real-
istic scenarios or in some specific domains (Xia et al. 2023;
Corro 2024). A discontinuous entity consist of multiple non-
contiguous spans rather than a single span. As shown in
Figure 1, consider the string “pain, particularly in head”,
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Sentence

Thomas Edison invented the phonograph and the electric light 

bulb, but often suffered from pain, particularly in head.

Relation Triplets

[electric light bulb, invention, Thomas Edison]

[phonograph, invention, Thomas Edison]

[Thomas Edison, suffer from, pain in head]

Two spans

Figure 1: An example of a relation triplet involving a dis-
continuous entity, where the entity “pain in head” consists
of two spans: “pain” and “in head”.

where entity “pain in head” is discontinuous, with a gap in-
volving intervening words.

Research on discontinuous entities has primarily focused
on the domain of Named Entity Recognition (NER). Most
approaches recognize discontinuous entities by either ex-
tending the traditional BIO tagging scheme (Tang et al.
2013; Xu et al. 2015; Metke-Jimenez and Karimi 2016; Dai,
Karimi, and Paris 2017; Tang et al. 2018) or leveraging spe-
cific structural models (Dai et al. 2020; Wang et al. 2021a).
However, these methods primarily focus on identifying enti-
ties in isolation, without taking into account the relationships
between entities. As a result, they are ill-suited for tasks like
relation triplet extraction, which requires not only identify-
ing entities but also capturing intricate interactions between
entities.

In the field of ZSRTE, existing discriminative methods
(Lv et al. 2023; Gong and Eldardiry 2024; Lan et al. 2024)
primarily identify entities by predicting their left and right
positions within a sentence. Nonetheless, these methods as-
sume that all entities are continuous, making them inca-
pable of handling discontinuous entities. In contrast, recent
generative methods (Chia et al. 2022; Kim et al. 2023; Xu
et al. 2024) utilize Sequence-to-Sequence (Seq2Seq) models
to generate entities in textual form. While these generative
methods can extract triplets involving discontinuous entities,
they are inherently insensitive to discontinuity during the
decoding process. Their underlying assumption that entities
are continuous by design leads to a lack of explicit model-
ing for discontinuous entities, particularly when large gaps
or intervening distractor words exist between spans, which
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often results in inaccuracies in boundary recognition.
To address these challenges, we propose a discrimina-

tive ZSRTE method for extracting relation triplets by fine-
grained identification of the boundaries for discontinuous
entities. To achieve this, we introduce the innovative BoG
framework, which is based on our proposed Boundary To-
ken Graph structure. In this approach, the graph’s ver-
tices represent the left or right boundary tokens of each
span. Once edges (including span-intra edges and span-inter
edges) between vertices are predicted, each path in the di-
rected graph corresponds to a distinct triplet, thereby innova-
tively transforming the ZSRTE task into the problem of find-
ing paths within this graph. Further, to enhance the model’s
understanding of relations, we manually design a Bound-
ary Token-Aware Prompt for each relation. The prompt in-
cludes the relation description and learnable Boundary To-
ken Markers, which help distinguish whether a boundary
token belongs to the left or right boundary of a span, thereby
strengthening the interaction between boundary tokens and
relation semantics.

Our contributions are summarized as follows:
• To the best of our knowledge, we are the first to focus

on the relation triplet extraction involving discontinuous
entities under the zero-shot setting.

• We propose an innovative Boundary Token Graph struc-
ture, which enables the extraction of all relation triplets
by finding all paths within the graph.

• We carefully design a Boundary Token-Aware Prompt
for each relation, which further enhances the interaction
between boundary tokens and relation semantics.

• Experimental results on two datasets with discontinuous
entities demonstrate that our method effectively extracts
relation triplets, significantly outperforming previous ap-
proaches that do not address discontinuity (with an aver-
age Accuracy of 17.54 and F1 of 13.45). Additionally, on
two datasets without discontinuous entities, our method
still outperforms state-of-the-art methods.

Related Work
Zero-Shot Relation Triplet Extraction
The existing ZSRTE methods can be broadly classified into
two categories:

Discriminative Methods: These methods assume that all
entities are continuous, and focus on identifying entity posi-
tions and extracting relation triplets. Lv et al. (2023) employ
Soft Prompts for entity and relation extraction, while Lan
et al. (2024) treat relations directly as prompts to determine
the boundaries of head and tail entities. In contrast, Gong
and Eldardiry (2024) improve the comprehension of unseen
relations by generating synthetic data for these relations.

Generative Methods: These use Seq2Seq models to gen-
erate relation triplets directly. Chia et al. (2022) propose a
generative model to generate synthetic data for the unseen
relations. Xu et al. (2024) apply reinforcement learning to
improve the quality of synthetic data, and Kim et al. (2023)
use simple relation templates to extract triplets. Recently, Li
et al. (2024) fine-tuned LLMs with tabular prompts, achiev-
ing strong results in few- and zero-shot RTE task.

Discontinuous Entity Recognition
Research on discontinuous entities has primarily focused on
the NER domain. To overcome the limitations of the tradi-
tional BIO tagging scheme, which cannot recognize discon-
tinuous entities, Tang et al. (2013); Xu et al. (2015); Metke-
Jimenez and Karimi (2016); Dai, Karimi, and Paris (2017);
Tang et al. (2018) propose BIO tag set extensions. Subse-
quently, methods such as transition-based approaches (Dai
et al. 2020) and graph-based methods (Wang et al. 2021a)
emerge, specifically design to recognize these entities.

While NER methods primarily identify entities without
considering their associations or the complex interactions of
relations. This makes NER methods unsuitable for direct use
or simple adaptation in ZSRTE. Entities, as components of
triplets, may also be discontinuous. In the ZSRTE domain,
discriminative methods (Lv et al. 2023; Lan et al. 2024;
Gong and Eldardiry 2024) typically assume entity continu-
ity, while generative methods (Chia et al. 2022; Kim et al.
2023; Xu et al. 2024; Li et al. 2024) have not delved into
entity discontinuity, as detailed in the Introduction, this lim-
itation will also be shown in our experimental comparisons.

Methodology
Task Formulation
Given a dataset D = ({Si, Ti}|D|

i=1, R), in which Si repre-
sents the i-th input sentence, Ti denotes its output triplet set,
and R is the set of predefined relations, RTE is to extract
relation triplets Ti = {(ehead

j , etail
j , rj)}|Ti|

j=1 from Si, where
rj ∈ R. For a discontinuous entity e = {(ak, bk)}Kk=1, it
consists of K non-contiguous spans, where ak and bk repre-
sent the left and right boundaries.

ZSRTE involves learning from a seen dataset Ds and gen-
eralizing to an unseen dataset Du, both derived from the
original dataset D. During training, only Ds is used, and
the relation label sets Rs and Ru are disjoint.

Encoding of Sentences and Boundary Token-Aware
Prompts
To effectively capture the implicit information of each re-
lation label r ∈ R, we design a Boundary Token-Aware
Prompt τr that incorporates the relation description and
learnable Boundary Token Markers. As shown in Figure 2,
the prompt for a relation label r can be formalized as:

τr = {[H], [HEAD], [/H], . . . ,
[T], [TAIL], [/T], . . .}, (1)

where [H], [/H], [T], [/T] are learnable boundary token
markers used to mark the boundary type (the left or right
boundary) of each token in a span within a head/tail entity,
while [HEAD] and [TAIL] serve as placeholders for the head
and tail entities.

During the encoding process, the input sentence S =
{s1, s2, . . . , sl}, is concatenated with the prompt τr, pro-
ducing a sequence S′ = {[CLS]S [SEP] τr [SEP]}, where
[CLS] and [SEP] are special tokens. The encoder then gen-
erates the token embeddings:

HS′ = Encoder(S′). (2)
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[H] [HEAD] [/H] ... was/is the invention of [T] [TAIL] [/T] ...

[H] [HEAD] [/H] ... suffers from [T] [TAIL] [/T] ...

Relation: invention

Relation: suffer from

[CLS] Thomas Edison invented the phonograph and 

the electric light bulb, but often suffered from 

pain, particularly in head. [SEP]

Sentence

(a) Encoding of Sentences and Boundary Token-Aware Prompts

Figure 2: Overview of the proposed BoG framework, consisting of three main modules, illustrated using a sentence and two
relations ‘invention’ and ‘suffer from’. First, we design a Boundary Token-Aware Prompt with four special boundary
token markers ([H], [/H], [T], [/T]) for a relation, and concatenate it with the sentence to obtain token embeddings. Second,
each token in the sentence is paired with four boundary token markers, and each marked token (e.g., Thomas [H], Thomas [/H])
generates a vertex. Next, edges of different types (Span-Intra Edges and Span-Inter Edges) are predicted between vertex pairs to
construct the Boundary Token Graph. Finally, the ZSRTE task is transformed into finding paths within this graph, where
each valid path represents an extracted relation triplet.

For convenience, we denote the set of token embeddings for
the input sentence S as HS = {h[CLS], hs1 , . . . , hsl , h[SEP]},
which includes the embeddings of two special tokens. Addi-
tionally, we will later use only the embeddings of the four
boundary token markers, HM = {h[H], h[/H], h[T], h[/T]},
which implicitly capture the features of the prompt τr.

Prediction of Boundary Token Edge
The goal of Boundary Token Edge Prediction is to determine
whether each token serves as the left or right boundary of a
span within a head or tail entity, and constructing the Bound-
ary Token Graph. This process involves following two steps:

First, we concatenate the boundary marker embeddings
HM with the sentence token embeddings HS . After the con-
catenation operation, the set of marked sentence token em-
beddings V is obtained:

V = { t⊗m | t ∈ HS , m ∈ HM }, (3)
where ⊗ denotes the concatenation operation. In the fol-
lowing, the set V will be treated as the set of vertices. As
shown in Figure 2, each vertex takes the form of Thomas
[H], Thomas [/H], Thomas [T], Thomas [/T], and so on. Fur-
thermore, we divide V into four subsets: V [H], V [/H], V [T],
and V [/T], representing the sets of vertices marked by the
four types of boundary token markers, respectively.

Second, we need to predict the directed edges between
all vertices, where each edge represents the relationship be-
tween boundary tokens. The specific relationships of the
edges between different types of marked vertices are shown
in Table 1. For two vertices vi and vj , the prediction proba-
bility of a directed edge from vi to vj is given by:

pij = σ(FFN(vi)
⊤FFN(vj)) ∈ R, (4)

where FFN denotes a two-layer feedforward network, and
σ is the sigmoid activation function. Based on the predicted
probability pij and a predefined edge threshold δ, a directed
edge is added from vertex vi to vertex vj if pij ≥ δ.

Paths of Boundary Token Graph
After predicting all directed edges, as shown in Figure 2,
the resulting graph structure is referred to as the Boundary
Token Graph. The special tokens [CLS] and [SEP] are in-
corporated into the graph as the uniform source and sink
vertices, respectively. It is important to note that, to mini-
mize unnecessary impacts, we only consider [CLS] marked
by [/H] and [SEP] marked by [T]. At this point, each path
from the source to the sink in the graph corresponds pre-
cisely to a relation triplet. Since each vertex on the path rep-
resents a boundary token of a span, the head and tail en-
tities can be identified based on the marker types of these
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Type of Edges
Type of Vertices

Relationships
From To

Span-Intra Edges
V [H] =⇒ V [/H]

These edges extract spans within head and tail entities, with an edge from a span’s
left boundary token to its right boundary token indicating the span’s boundaries.

V [T] =⇒ V [/T]

Span-Inter Edges

V [/H] =⇒ V [H] These edges address cases of discontinuous head or tail entities, with an edge from
one span’s right boundary token to the next span’s left boundary token indicates that
the spans belong to the same discontinuous entity.V [/T] =⇒ V [T]

V [/H] =⇒ V [T]
These edges determine whether the head and tail entities have the current candidate
relation, with an edge from the right boundary token of the head’s last span to the
left boundary token of the tail’s first span indicating this relation.

Table 1: The specific relationships of the edges between different types of marked vertices are defined. We predict only the
probabilities of the five edge types, categorizing them into Span-Intra Edges and Span-Inter Edges.

boundary tokens, enabling the extraction of the final triplet.
In path searching, we use Breadth-First Search or Depth-
First Search algorithms to search paths.

Subsequently, all valid paths in the Boundary Token
Graph are enumerated to extract triplets corresponding to
candidate relations. For multi-triplet scenarios, all paths are
retained as the result. For single-triplet scenarios, due to the
varying lengths of the paths, the path with the highest aver-
age probability is selected as the final result:

E∗ = argmax
E

∑
⟨vi,vj⟩∈E pij

|E|
, (5)

where E represents the set of edges constituting the path, |E|
denotes the number of edges in the path, ⟨vi, vj⟩ represents
a directed edge from vertex vi to vj , and pij is the predicted
probability of the directed edge ⟨vi, vj⟩ in Eq.(4).

Training Objective
During the training phase, the objective is to optimize the
model to maximize the probability of predicting positive
edges while minimizing the probability of predicting nega-
tive edges. For the predicted edge probability p ∈ P between
vertices, the Binary Cross-Entropy (BCE) loss is employed:

L(P ) = −
∑
vi∈V

∑
vj∈V

(yij log(pij)+

(1− yij) log(1− pij)),

(6)

where V denotes the set of vertices in the Boundary Token
Graph, pij represents the predicted probability of a positive
edge from vertex vi to vertex vj , and yij = 1 indicates the
presence of a positive edge from vi to vj , while yij = 0
indicates its absence. Since there are two types of edges, a
balance hyperparameter α is introduced:

L = α
∑

P∈P intra

L(P ) + (1− α)
∑

P∈P inter

L(P ), (7)

where P intra represents the predicted probabilities for all
Span-Intra Edges, and P inter represents the predicted prob-
abilities for all Span-Inter Edges.

Dataset # Triplets # Disc.T Avg.L

Wiki-ZSL 127,580 0 24.85
FewRel 55,894 0 24.95
Disc-Wiki-ZSL 127,580 19,445 (15.2%) 26.19
Disc-FewRel 55,894 8,638 (15.5%) 26.45

Table 2: The statistics for four ZSRTE datasets. Disc.T:
triplets involving discontinuous entities; Avg.L: average sen-
tence length. Numbers in parentheses indicate the percent-
age of Disc.T relative to the total number of triplets.

Experiments
Datasets
We conducted experiments on three categories of datasets,
totaling five datasets. The statistics for four ZSRTE datasets
are shown in Table 2.

ZSRTE Datasets without Discontinuous Entities. First,
we evaluate the performance of our method in extracting
relation triplets under the zero-shot setting using two stan-
dard ZSRTE datasets, Wiki-ZSL (Chen and Li 2021) and
FewRel (Han et al. 2018). Consistent with prior work (Chia
et al. 2022), for the test set, the number of unseen relations
is set to m ∈ {5, 10, 15}, while for the validation set, it is
fixed at m = 5. To reduce the effects of experimental noise,
the data is partitioned using five random seeds, producing in
five folds, and the average performance is reported.

ZSRTE Datasets involving Discontinuous Entities.
Considering the current scarcity of ZSRTE datasets in-
volving discontinuous entities, we manually processed the
Wiki-ZSL and FewRel datasets to evaluate the effective-
ness of our method in extracting relation triplets involv-
ing discontinuous entities, naming the resulting datasets
Disc-Wiki-ZSL and Disc-FewRel. Specifically, we
first leverage an entity’s context for preliminary identifica-
tion, then analyze its internal word relationships to introduce
supplementary information, achieving the desired splitting.

Discontinuous NER Datasets. We evaluate the effective-
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Unseen
Relations Methods

Wiki-ZSL FewRel

Single Triplet Multi Triplets Single Triplet Multi Triplets

Acc. P. R. F1 Acc. P. R. F1

m=5

TableSequence (Wang and Lu 2020) 14.47 43.68 3.51 6.29 11.82 15.23 1.91 3.40
RelationPrompt (Chia et al. 2022) 16.64 29.11 31.00 30.01 22.27 20.80 24.32 22.34
ZETT (Kim et al. 2023) 21.49 35.89 28.38 31.74 30.71 38.14 30.58 33.71
DSP (Lv et al. 2023) - 42.70 43.40 43.00 - 40.10 27.00 32.30
RSED (Lan et al. 2024) 18.40 38.14 36.84 37.48 22.67 43.91 34.97 38.93
ZS-SKA (Gong and Eldardiry 2024) 44.00 66.70 27.24 38.68 32.86 57.50 26.24 36.04
TAG (Xu et al. 2024) 23.12 39.36 37.51 38.24 28.94 37.56 40.24 38.81
Re-Cent (Li et al. 2025) 43.32 53.90 58.55 55.66 46.18 46.88 44.56 44.80
BoG (ours) 38.00 64.03 44.03 50.16 42.87 49.13 41.62 44.08

m=10

TableSequence (Wang and Lu 2020) 9.61 45.31 3.57 6.40 12.54 28.93 3.60 6.37
RelationPrompt (Chia et al. 2022) 16.48 30.20 32.31 31.19 23.18 21.59 28.68 24.61
ZETT (Kim et al. 2023) 17.16 24.49 26.99 24.87 27.79 30.65 32.44 31.28
DSP (Lv et al. 2023) - 26.30 48.00 34.00 - 35.90 27.10 30.90
RSED (Lan et al. 2024) 22.30 27.09 39.09 32.00 24.91 30.89 29.90 30.39
ZS-SKA (Gong and Eldardiry 2024) 26.40 45.38 29.27 35.30 34.03 60.48 23.22 33.28
TAG (Xu et al. 2024) 17.24 31.37 32.53 31.88 28.16 31.04 33.49 32.18
Re-Cent (Li et al. 2025) 30.30 42.22 50.56 45.95 36.53 39.87 39.10 39.05
BoG (ours) 35.23 55.39 48.65 50.43 45.09 43.45 44.20 43.47

m=15

TableSequence (Wang and Lu 2020) 9.20 44.43 3.53 6.39 11.65 19.03 1.99 3.48
RelationPrompt (Chia et al. 2022) 16.16 26.19 32.12 28.85 18.97 17.73 23.20 20.08
ZETT (Kim et al. 2023) 12.78 19.45 23.31 21.21 26.17 22.50 27.09 24.39
DSP (Lv et al. 2023) - 27.70 32.40 29.90 - 27.90 25.40 26.60
RSED (Lan et al. 2024) 21.64 25.37 33.80 28.98 25.14 27.00 23.55 25.16
ZS-SKA (Gong and Eldardiry 2024) 20.26 31.23 27.20 29.19 23.86 37.29 19.13 25.29
TAG (Xu et al. 2024) 16.41 26.52 31.34 29.18 22.53 25.35 25.88 25.59
Re-Cent (Li et al. 2025) 27.06 35.79 45.19 39.75 31.27 30.53 32.53 31.07
BoG (ours) 32.89 43.66 38.36 40.63 43.47 38.80 38.25 38.24

Table 3: Comparison results of the proposed BoG on Wiki-ZSL and FewRel datasets without Discontinuous Entities. Bold
marks the highest score. All baseline results are sourced from the original papers.

ness of our method in handling discontinuous entities in
NER tasks using ShARe 14 (Mowery et al. 2014) dataset.

Experimental Settings and Metrics
In experiments, we employ BERT-base (Devlin et al. 2019)
as the backbone model. The loss weight α is fixed at 0.5,
while the thresholds for Span-Intra Edges δintra and Span-
Inter Edges δinter are set to 0.4 and 0.3.

For the evaluation metrics, we follow previous work.
For Single Triplet, where each sentence contains sin-
gle triplet, Accuracy (Acc.) is used. We evaluate Multi
Triplets using micro Precision (P.), Recall (R.), and F1-
Score (F1), where each sentence contains multiple triplets,
and apply the same metrics to Discontinuous NER.

Baselines
We compare our proposed model with the following strong
ZSRTE baselines. Among the discriminative methods:
DSP (Lv et al. 2023), RSED (Lan et al. 2024), ZS-SKA
(Gong and Eldardiry 2024) and Re-Cent (Li et al. 2025).
Among the generative methods: TableSequence (Wang and
Lu 2020), RelationPrompt (Chia et al. 2022), TAG (Xu et al.
2024) and ZETT (Kim et al. 2023). We also compare with
the LLMs-based methods, including MICRE (Li et al. 2024)

and ChatIE (Wei et al. 2023). For discontinuous NER meth-
ods, we compare with Comb (Wang and Lu 2019), TransE
(Dai et al. 2020), BART-based (Yan et al. 2021), MAC
(Wang et al. 2021a), Intra-De (Zhang et al. 2022), W2NER
(Li et al. 2022) and RerankNER (Xia et al. 2023).

Results and Analysis
Results of ZSRTE without Discontinuous Entities
As shown in Table 3, our method BoG achieves signif-
icant improvements over previous methods on both pub-
lic datasets. Specifically, in the evaluation of Single
Triplet, the method achieves the overall highest Accu-
racy on the Wiki-ZSL and FewRel datasets. In the m=15
setting, it outperforms the second-highest scores by 5.83
and 12.20 points, respectively. For Multi Triplets, the
method similarly achieves the highest F1 scores on both
datasets, with notable improvements over the second-best
results. These results demonstrate that the proposed method
is more effective than previous methods in the ZSRTE task.

Results of ZSRTE involving Discontinuous Entities
To evaluate the model’s ability to extract relation triplets in-
volving discontinuous entities, we conducted experiments
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Unseen
Relations Methods

Disc-Wiki-ZSL Disc-FewRel

Only Disc Single Triplet Multi Triplets Only Disc Single Triplet Multi Triplets

Acc. Acc. P. R. F1 Acc. Acc. P. R. F1

m=5

RelationPrompt (Chia et al. 2022) 20.00 17.48 36.46 35.38 35.78 16.09 21.58 21.03 27.07 23.64
ZETT (Kim et al. 2023) 8.12 15.85 35.53 20.52 25.33 10.54 22.21 30.15 17.95 22.37
TAG (Xu et al. 2024) 26.11 19.91 38.49 29.52 33.28 27.09 24.19 28.39 32.21 30.09
BoG (ours) 44.05 37.21 60.64 42.37 47.96 38.37 42.27 46.61 37.56 40.39

m=10

RelationPrompt (Chia et al. 2022) 17.24 14.16 31.16 28.56 29.77 15.56 19.59 19.94 24.29 21.83
ZETT (Kim et al. 2023) 5.15 11.95 25.22 18.08 20.23 7.45 18.96 23.31 17.18 19.58
TAG (Xu et al. 2024) 20.14 16.03 32.25 26.62 29.09 26.61 24.42 25.73 28.50 27.01
BoG (ours) 41.33 34.51 52.81 45.98 47.51 41.23 44.67 40.74 42.93 41.00

m=15

RelationPrompt (Chia et al. 2022) 13.00 11.42 23.84 21.03 22.33 15.97 18.46 18.17 21.25 19.58
ZETT (Kim et al. 2023) 3.85 8.63 18.96 11.51 14.17 7.17 18.15 18.92 15.86 17.06
TAG (Xu et al. 2024) 15.00 12.38 25.04 21.12 22.90 23.30 20.03 22.29 23.86 23.04
BoG (ours) 36.62 30.92 40.37 34.67 36.70 41.20 43.26 34.75 38.46 35.71

Table 4: Comparison results of the proposed BoG on Disc-Wiki-ZSL and Disc-FewRel datasets with Discontinuous Entities.
Bold marks the highest score. All baseline results are our reproductions, using the implementation settings provided in the
original papers.

on the datasets Disc-Wiki-ZSL and Disc-FewRel. Approx-
imately 15% of the triplets in Disc-Wiki-ZSL and Disc-
FewRel involve discontinuous entities.

Moreover, to more intuitively demonstrate the perfor-
mance differences of various methods in handling discon-
tinuous entities, we constructed corresponding subsets from
the test set of these datasets, where each sentence contains
at least one discontinuous entity (i.e., Only Disc part in Ta-
ble 4), and report the results under the Single Triplet set-
ting for these two subsets. Given the limitations of current
discriminative methods in extracting relation triplets involv-
ing discontinuous entities, we compare our model with three
generative methods: RelationPrompt, ZETT, and TAG.

As shown in Table 4, compared to baselines, our method
extracts triplets involving discontinuous entities more effec-
tively. In the Multi Triplets m=15 setting, we achieve im-
provements of 13.8 and 12.67 over the second-highest scores
on the Disc-Wiki-ZSL and Disc-FewRel datasets.

Overall, the evaluation results on all datasets show that
the performance of each baseline declines more significantly
when extracting triplets involving discontinuous entities, re-
vealing their limitations in this regard.

Results of Discontinuous Named Entity
Recognition
For the discontinuous NER task, we adapt our method pri-
marily by modifying the process of extracting head and tail
entities to focus on extracting a single entity, with corre-
sponding adjustments made to the remaining components.
Additionally, Boundary Token-Aware Prompts containing
relevant descriptions are constructed based on entity types.

As shown in Table 5, our method demonstrates compet-
itive performance in the discontinuous NER task. While
it lags behind the strongest baselines, this is because our
method is not specifically designed for the discontinuous
NER task, unlike the baselines. Moreover, as our approach

Methods
ShARe 14

P. R. F1

Comb (Wang and Lu 2019) 79.10 70.70 74.70
TransE (Dai et al. 2020) 78.10 81.20 79.60
BART-based (Yan et al. 2021) 77.20 83.75 80.34
MAC (Wang et al. 2021a) 78.20 84.70 81.30
Intra-De (Zhang et al. 2022) 77.88 83.77 80.72
W2NER (Li et al. 2022) 79.88 83.71 81.75
RerankNER (Xia et al. 2023) 78.68 83.63 81.01
BoG (ours) 81.90 80.67 81.28

Table 5: Discontinuous NER experiment of BoG. All base-
line results are sourced from the original papers.

is primarily tailored for the zero-shot setting, some perfor-
mance is sacrificed under fully-supervised setting. Never-
theless, the results further validate the effectiveness of our
method in handling discontinuous entities.

Comparison with LLMs-based Methods
Given the remarkable capabilities of large language mod-
els (LLMs) in zero-shot learning, we compare our proposed
method with eight LLM-based baselines. Table 6 summa-
rizes the performance of eight baselines along with param-
eter sizes of their respective backbone models. The results
demonstrate that our method achieves superior performance
while utilizing significantly fewer parameters.

Ablation Studies
As shown in Table 7, we report the impact of each compo-
nent under the Multi Triplets m=15 setting on FewRel and
Disc-FewRel datasets:
• Boundary Token-Aware Prompts can express the implicit

information of relations. Replacing them with relation la-
bels resulted in a significant performance drop, indicating
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Methods Backbone
Params

Wiki-ZSL Disc-Wiki-ZSL

m=5 m=10 m=15 m=5 m=10 m=15

RelationPromptBART&GPT−2 (Chia et al. 2022)† 264M 16.64 16.48 16.16 17.48 14.16 11.42
ZETTT5−base (Kim et al. 2023)‡ 220M 21.49 17.27 12.78 15.85 11.95 8.63
TAGBART&GPT−2 (Xu et al. 2024)† 264M 23.12 17.24 16.41 19.91 16.03 12.38
MICRET5−3B (Li et al. 2024)‡ 3B 25.20 23.65 21.80 - - -
MICRELLaMA (Li et al. 2024)‡ 7B 27.74 24.64 22.23 - - -
ChatIEGPT−3.5−turbo (Wei et al. 2023) - 17.19 14.44 11.01 10.02 9.68 9.36
ChatIEGPT−4o (Wei et al. 2023) - 31.13 20.79 15.74 17.63 13.50 13.00
ChatIEDeepSeek−R1 (Wei et al. 2023) 671B 33.42 27.73 22.81 19.60 19.27 15.78
BoGBERT−base (ours) 110M 38.00 35.23 32.89 37.21 34.51 30.92

Table 6: Accuracy comparison results with LLMs-based methods on Wiki-ZSL and Disc-Wiki-ZSL datasets under the Single
Triplet setting. We report the backbone models used in their baselines along with the corresponding number of parameters (the
parameter size of GPT series used by ChatIE (Wei et al. 2023) is not publicly disclosed). † and ‡ respectively mark the results
on Wiki-ZSL reported by Xu et al. (2024) and Li et al. (2024), while the remaining results are our reproduction, using the
implementation settings provided in the original paper.

Methods FewRel Disc-FewRel

BoG 38.24 35.71

w/o. Boundary Token-Aware Prompts 25.44 23.80
w/o. Boundary Token Markers 21.40 19.46
w/o. Span-Intra Edges 24.20 22.08
w/o. Span-Inter Edges 35.57 27.54

Table 7: Ablation studies of BoG.

that leveraging these implicit information can provide a
more comprehensive understanding of unseen relations.

• Boundary Token Markers are utilized to mark the bound-
ary tokens of a span within head and tail entities in a
sentence. Removing this component hinders the model’s
ability to distinguish these boundaries, leading to a de-
cline in performance.

• Span-Intra Edges identifies spans that belong to enti-
ties. Ignoring the predicted probabilities of this compo-
nent and indiscriminately connecting all boundary tokens
causes the model to fail in correctly identifying head and
tail entities. This leads to the generation of numerous in-
correct triplets and a significant decline in performance.

• Span-Inter Edges represents the connections between
different spans, removing these edges means that the re-
lation between the head and tail entities cannot be cor-
rectly determined. And directly combining head-tail en-
tity pairs to form triplets generates a substantial number
of incorrect triplets, leading to a performance decline. In
addition, this component is essential for extracting dis-
continuous entities, and its removal leads to further per-
formance degradation.

Analysis on Computational Efficiency
To analyze the computational efficiency of our method, we
compare it with several existing approaches under the same
experimental setting. As shown in Figure 3, RelationPrompt
and TAG require additional training on synthetic data, which

m = 5 m = 10 m = 15

Unseen Relation Labels
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Figure 3: Comparison results of model computational effi-
ciency on Disc-FewRel dataset. Sen/s refers to the number
of sentences can be processed per second.

affects their efficiency to some extent. ZETT’s use of vocab-
ulary constraints and beam search also impacts decoding ef-
ficiency, leading to the increase in computational cost. Our
method BoG maintains a significant advantage in computa-
tional efficiency.

Conclusion
In this paper, we present the first systematic study of the
ZSRTE task involving discontinuous entities and introduce
the novel BoG framework, which leverages the Boundary
Token Graph structure. By predicting and connecting edges
between boundary tokens, our method transforms the rela-
tion triplet extraction task into a process of finding paths
within a graph, effectively capturing the complex relation-
ships between entities. The introduction of the Boundary
Token-Aware Prompt further strengthens the interaction be-
tween boundary tokens and relation semantics, thereby im-
proving model performance. Extensive experiments on mul-
tiple datasets, including those with and without discontinu-
ous entities, demonstrate that our approach consistently out-
performs previous methods, setting new state-of-the-art re-
sults in ZSRTE.
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