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Abstract

Noun phrases (NPs) in open knowledge bases (OKBs) are not
canonicalized, leading to scattered knowledge that necessi-
tates the exploration of the OKB canonicalization task (i.e.,
clustering synonymous noun phrases into the same group
and assigning them a unique identifier). However, existing
OKB canonicalization methods typically adhere to a tradi-
tional embedding-centered pipeline, which fails to exploit the
direct interaction between NPs for pairwise NP similarity cal-
culations, resulting in suboptimal performance and instead re-
lying extensively on external resources. To address these lim-
itations, we introduce a groundbreaking retrieve-read-group
paradigm that enables fine-grained pairwise NP similarity
calculations by effectively leveraging the direct NP inter-
action via the reading stage, thereby relieving the reliance
on external resources. As an instantiation of this paradigm,
we propose DUVK, a novel self-supervised framework that
fully integrates the dual-view knowledge involved in OKBs
from the relational view and the semantic view. In the re-
triever component of DUVK, a dual-view cross-training strat-
egy is designed to make two view-specific encoders mutually
reinforce each other by capitalizing on the complementary
knowledge delivered from both views. Experimental results
demonstrate that, even without the need of any external re-
sources, DUVK outperforms all state-of-the-art competitors
that rely on such resources.

1 Introduction
Curated knowledge bases (CKBs), which are constructed
based on manually predefined ontologies, store comprehen-
sive factual knowledge about real-world entities. Prominent
CKBs (e.g., Wikidata (Vrandečić and Krötzsch 2014), DB-
pedia (Auer et al. 2007), and YAGO (Suchanek, Kasneci,
and Weikum 2007)) have proven to be valuable resources
for facilitating various knowledge-driven tasks including in-
formation retrieval (Xiong, Power, and Callan 2017; Dietz,
Kotov, and Meij 2018), question answering (Lukovnikov
et al. 2017; Huang et al. 2019) and recommendation system
(Wang et al. 2019). As the world evolves, it is crucial to up-
date obsolete knowledge and incorporate new knowledge to
better support downstream applications. However, the con-
struction and curation of CKBs heavily rely on predefined
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ontologies and require extensive human intervention, limit-
ing the adaptability of CKBs to dynamic knowledge.

As an alternative, open information extraction (OIE)
(Yates et al. 2007; Etzioni et al. 2011) has experienced a
strong momentum for its scalability and unsupervised man-
ner. Without any pre-specified ontology, OIE can automati-
cally extract knowledge in the form of relational triples (i.e.,
<noun phrase, relation phrase, noun phrase>) from large-
scale web text data containing up-to-date information. These
extracted OIE triples collectively form large open knowl-
edge bases (OKBs), such as ReVerb (Fader, Soderland, and
Etzioni 2011), OPIEC (Gashteovski et al. 2019) and De-
fIE (Bovi, Telesca, and Navigli 2015). While the automated
construction of OKBs enables them to be highly adaptable
to new knowledge, it also introduces certain limitations. In
contrast to CKBs where each entity is well defined with
a unique identifier, noun phrases (NPs) in OKBs are not
canonicalized, which means that the factual knowledge as-
sociated with a particular real-world entity may be scattered
across multiple distinct NPs. For instance, the real-world en-
tity “Cristiano Ronaldo” in an OKB may be represented
by different NPs like CR7 or C. Ronaldo, which hinders the
consolidation of internal knowledge within OKBs and fur-
ther poses challenges for downstream applications.

To address the issue of scattered knowledge in OKBs, the
task of OKB canonicalization (Galárraga et al. 2014; Shen,
Yang, and Liu 2022; Vashishth, Jain, and Talukdar 2018;
Dash et al. 2021; Liu et al. 2021; Shen, Yang, and Liu 2024)
is proposed, which aims to aggregate synonymous noun
phrases (e.g., CR7 and C. Ronaldo) into the same group and
assign them a unique identifier, beneficial for knowledge in-
tegration. Essentially, this task could be viewed as a clus-
tering problem, where the key challenge lies in computing
NP similarities (Jain, Murty, and Flynn 1999). Most exist-
ing advanced OKB canonicalization solutions (Shen, Yang,
and Liu 2022; Vashishth, Jain, and Talukdar 2018; Dash
et al. 2021; Shen, Yang, and Liu 2024) adopt an embedding-
centered pipeline, which first encodes each NP individually
into an embedding vector and then calculates pairwise sim-
ilarities between NPs via a simple metric (e.g., cosine simi-
larity) based on learned embeddings. Nevertheless, these ap-
proaches suffer from two major drawbacks:

(1) Indirect NP interaction: The separation between
the processes of individual encoding and similarity calcu-
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lation prevents the direct interaction between NPs, which
inevitably leads to suboptimal pairwise NP similarities, neg-
atively affecting the overall canonicalization performance.

(2) Resource-dependent: As each NP is encoded indi-
vidually, these embedding-centered approaches are suscep-
tible to knowledge sparsity. Unlike in CKBs, where entities
are typically encoded by integrating multi-perspective inter-
nal knowledge (Zhang et al. 2019; Trisedya, Qi, and Zhang
2019; Moon, Jones, and Samatova 2017; Tang et al. 2020),
such as attribute values, type information and textual de-
scriptions, the internal knowledge for NPs within OKBs is
limited to the form of OIE triples, which does not suffice
for learning an accurate and comprehensive embedding for
each NP. As a result, existing embedding-centered methods
(Shen, Yang, and Liu 2022; Vashishth, Jain, and Talukdar
2018; Dash et al. 2021; Shen, Yang, and Liu 2024) addi-
tionally resort to various external resources (Pavlick et al.
2015; Shen et al. 2023) to generate training seeds of syn-
onymous NPs as prior knowledge to further refine the em-
beddings. However, in practice, such external resources are
not always accessible and may be very costly to fetch, limit-
ing the adaptability and scalability of these approaches.

To overcome the above drawbacks, it is especially nec-
essary and important to explore the direct interaction be-
tween NPs to enhance the pairwise NP similarity calcula-
tion, thereby improving the performance of OKB canonical-
ization and relieving the reliance on external resources. In
recent years, some high-capacity models (e.g., BERT-based
cross-encoder (Devlin et al. 2019)), which capture the direct
interaction by modeling pairwise inputs jointly, have made
remarkable success in low-resource tasks like zero-shot en-
tity linking (Wu et al. 2020, 2023) and ad-hoc information
retrieval (Dai and Callan 2019; Ma et al. 2021). Armed with
these insights, we propose to revolutionize the traditional
embedding-centered pipeline with a high-capacity reader,
which enables more fine-grained similarity calculations to
yield more precise similarities between NPs by effectively
leveraging the direct interaction between them.

Unfortunately, while the high-capacity reader improves
similarity precision, it also introduces intensive computa-
tional overhead, making its application over all possible NP
pairs infeasible due to the excessive O(n2) complexity. Con-
sidering that only a few pairs of NPs are synonymous, we
follow an intuitive idea to firstly retrieve some relatively
similar NP pairs in a light-weight manner, and then utilize
the high-capacity reader to conduct elaborate similarity cal-
culations over these retrieved pairs. Through this retrieval
mechanism, the obviously non-synonymous NP pairs are fil-
tered out, significantly narrowing down the computational
overhead of the high-capacity reader. To this end, we pro-
pose a novel retrieve-read-group paradigm for OKB canon-
icalization (see Figure 1 for an overview), which consists
of three stages: the retrieving stage that efficiently identifies
the top-k most similar candidate NPs for each NP, the read-
ing stage that derives similarities for retrieved candidate NP
pairs via exploiting the direct NP interaction, and the group-
ing stage that takes the pairwise NP similarities output from
the reading stage to generate the final clustering result. No-
tably, our paradigm is highly flexible, allowing any suitable

technique to be employed to instantiate each stage.
To demonstrate the effectiveness of the new paradigm, we

instantiate it as a novel self-supervised framework DUVK
that integrates DUal-View Knowledge in the OIE triples
without requiring any external resources. To make full use
of the limited internal knowledge within OKBs, we lever-
age the complementary knowledge by modeling OIE triples
from two different views (i.e., the relational view and the se-
mantic view). Specifically, in the retriever, we initially en-
code each NP using two independent view-specific encoders
based on each view, and subsequently propose a dual-view
cross-training strategy to make the two encoders mutually
reinforce each other. For the reader, a high-capacity model,
i.e., a BERT-based cross-encoder, is employed to conduct
high-precision similarity calculations for each candidate NP
pair. For the grouper, a similarity graph is constructed based
on pairwise NP similarities from the reader, and a graph-
based markov clustering algorithm is applied over the simi-
larity graph to yield the final clustering result.

Our major contributions can be summarized as follows:
• We propose a novel retrieve-read-group paradigm for

OKB canonicalization, which enables fine-grained pair-
wise NP similarity calculations by leveraging the direct
interaction between NPs.

• Based on the new paradigm, we develop a self-supervised
instantiation DUVK that exploits the internal knowledge
within OKBs from both the relational and semantic views,
compensating for the absence of external resources.

• In the retriever, we design an innovative dual-view cross-
training strategy by harnessing the complementary knowl-
edge delivered from both views to make the two view-
specific encoders mutually reinforce each other.

• The experimental results on two public benchmark
datasets demonstrate that without the need of any external
resources, our instantiation DUVK surpasses all state-of-
the-art competitors.

2 Notations and Problem Definition
An OKB can be represented as K = (N ,R, T +), where N
and R indicate the sets of noun phrases (NPs) and relation
phrases (RPs) respectively, and T + ⊆ N ×R×N denotes
the set of OIE triples within K in the form of (subject NP,
RP, object NP), abbreviated as (ns, r, no).
Problem 1 (OKB Canonicalization). Given an OKB, the
objective is to group the NPs in N = {ni}1≤i≤|N| into dis-
tinct subgroups, such that two NPs ni and ni′ are assigned
to the same subgroup if and only if they are synonymous.

3 Paradigm
As depicted in Figure 1, considering an example OKB with
five distinct NPs (i.e., n1 to n5), our proposed paradigm
would consecutively execute three fundamental stages to
canonicalize these NPs:

Stage 1. Retrieve: Due to the fact that only a few pairs
of NPs are synonymous, we firstly retrieve some relatively
similar NP pairs in this stage. For each NP, a small subset
of similar candidate NPs is found out from the entire pool
of NPs within the OKB, aiming to reduce the computational
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Figure 1: Overview of the retrieve-read-group paradigm and its instantiation as the DUVK framework. The upper part illustrates
the input/output flow of each stage, while the lower part presents DUVK with specific components.

complexity in the subsequent reading stage. As illustrated
in Figure 1, for NP n1, NPs n2 and n3 exhibit top similari-
ties, so these two NPs are selected as candidates for n1, re-
sulting in the identification of candidate NP pairs (n1, n2)
and (n1, n3). By retaining only the top-k candidates for
each NP, the number of candidate NP pairs is reduced from
|N |× (|N |− 1) to |N |× k, where k is a small constant and
k ≪ |N|. It should be noted that the retrieving stage needs to
strike a balance between effectiveness and efficiency, given
that the scale of the entire OKB could be extensive.

Stage 2. Read: After obtaining candidate NP pairs, the
high-capacity reader is utilized to conduct a fine-grained
similarity calculation for each candidate NP pair. As shown
in Figure 1, the pairwise similarity between n1 and n2 is
high (i.e., 0.89), indicating that they are likely to be syn-
onymous. Conversely, n1 and n4 demonstrate relatively low
pairwise similarity (i.e., 0.42), suggesting that they are likely
to represent different entities. Unlike the retrieving stage, the
reading stage primarily prioritizes precision, even though the
computational cost may be a little expensive.

Stage 3. Group: Finally, NPs within candidate pairs are
grouped into distinct clusters based on their pairwise simi-
larities output from the reading stage. In Figure 1, NPs n1,
n2 and n3 show high similarities with each other, leading
to their inclusion in the same cluster, while NPs n4 and n5

exhibit a high similarity with each other but low similarities
with the other NPs, thus forming another distinct cluster. It
can be seen that the performance of this grouping stage heav-
ily depends on the accuracy of the pairwise NP similarities
acquired from the reading stage.

In summary, our proposed retrieve-read-group paradigm
departs from the traditional embedding-centered pipeline by
facilitating more fine-grained pairwise NP similarity calcu-

lations via the reading stage, which could effectively lever-
age the direct interaction between NPs and consequently
improve the overall canonicalization performance. Notably,
since our paradigm is abstract, the specific implementation
of each stage can be adaptively tailored to meet its unique
requirements in terms of both effectiveness and efficiency.

4 Instantiated Framework: DUVK
In this section, we introduce our proposed self-supervised
framework DUVK, which is instantiated based on the
retrieve-read-group paradigm discussed in Section 3, in-
tegrating the complementary knowledge within the OKB
from both the relational and semantic views. Figure 1 illus-
trates the overall architecture of DUVK, consisting of the re-
triever, reader and grouper components, which are the spe-
cific implementations of the three stages respectively. Con-
cretely, in the retriever, each NP is embedded using two in-
dependent view-specific encoders, which are trained collec-
tively via a novel dual-view cross-training strategy to fa-
cilitate mutual reinforcement between them. With the re-
fined embeddings, candidate NP pairs are identified through
a dual-view integrated retrieval process (❶ in Figure 1). In
the reader, we design a dual-view consensus based train-
ing approach to fine-tune the high-capacity reader, and then
leverage it to perform high-capacity pairwise similarity cal-
culations for each candidate NP pair (❷ in Figure 1). In the
grouper, a similarity graph is constructed based on pairwise
NP similarities derived from the reader (❸ in Figure 1). Sub-
sequently, a graph-based markov clustering algorithm is ap-
plied over the generated similarity graph to produce the final
clustering result (❹ in Figure 1). We elaborate these three
components in the following.
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Retriever
Dual-view Cross-training Given that the retrieval process
is conducted over considerable NPs, the retriever is expected
to be both precise and scalable, so that potential synonymous
NPs can be comprehensively detected within tolerable com-
putational costs. To address the scalability concern, we adopt
the prevalent dense retrieval solution (Karpukhin et al. 2020)
to encode NPs into dense embedding vectors, enabling effi-
cient comparison and retrieval via light-weight vector com-
putations (e.g., cosine similarity). However, as outlined in
Section 1, the lack of training seeds (i.e., pre-canonicalized
NP pairs from external resources) could severely impair the
quality of NP embeddings, degrading retrieval accuracy.

To compensate for the lack of supervision from pre-
canonicalized training seeds in our framework, we propose
to creatively perform cross-training of the two independent
view-specific encoders, in which one encoder would itera-
tively derive pseudo training seeds for the other, facilitating
the mutual supervision of NP embedding learning between
two complementary views: 1) the relational view and 2) the
semantic view. Next, we will first introduce the relational-
view encoder and the semantic-view encoder respectively,
followed by an explanation of our cross-view seed genera-
tion and iterative training process to make these two view-
specific encoders reinforce each other reciprocally.
Relational-view encoder. In OKBs, the relational infor-
mation about NPs is preserved in the form of OIE triples,
where NPs are interconnected via RPs. To capture such re-
lational knowledge, we choose the simple TransE (Bordes
et al. 2013) as the relational-view encoder for projecting
NPs into relational-view embedding vectors Embr(·) ∈ Rd

(where d denotes the dimension of NP embeddings), giving
prominence to the effect of our overall framework in com-
parison to other complicated KB embedding models (Wang
et al. 2017; Ji et al. 2021). In TransE, for an OIE triple
(ns, r, no), the RP r is interpreted as a translation from
its subject NP ns to its object NP no with the constraint
Embr(n

s) + Embr(r) ≈ Embr(n
o). Specifically, TransE

utilizes the score function f(ns, r, no) = ∥Embr(n
s) +

Embr(r)−Embr(n
o)∥2 to measure the plausibility of triple

(ns, r, no), and the margin-based loss function is:

Lrel =
∑

(ns, r, no)∈T +

∧(ns′, r, no′)∈T −

[γ + f(ns, r, no)− f(ns′, r, no′)]+

where [·]+ = max (0, ·), and γ > 0 is a margin hyperparam-
eter. T − denotes the set of negative relational triples, which
are generated by replacing the subject NP or object NP of a
positive relational triple in T + with a random NP in N .
Semantic-view encoder. In essence, an OIE triple (e.g., <C.
Ronaldo, won, Ballon d’Or>) can be viewed as a condensed
representation of its original sentence (e.g., ”C. Ronaldo
won the prestigious Ballon d’Or in 2014.”), containing in-
herent semantic information that is beneficial for the canon-
icalization task, as synonymous NPs typically exhibit sim-
ilar semantics. In light of this, we employ the basic BERT
(Devlin et al. 2019) as the semantic-view encoder to map
NPs into semantic-view embedding vectors Embs(·) ∈ Rd,

by capturing their semantic knowledge. Concretely, given an
NP ns which is the subject NP of m distinct OIE triples
{(ns, ri, n

o
i )}1≤i≤m ⊂ T +, we first construct its input se-

quence for BERT as:

Seq(ns) = ns [TRI]ns r1 n
o
1 ...[TRI]n

s rm no
m (1)

in which [TRI] is a special token for specifying OIE
triples. Then, the semantic-view embedding of NP ns can
be derived as:

Embs(n
s) = red(BERT ([CLS]Seq(ns)[SEP])) (2)

Here, red(·) denotes a function for extracting the last layer
representation of [CLS] output by BERT.
Cross-view seed generation & Iterative training. After
encoding NPs independently from the relational view and
semantic view, we propose to generate cross-view pseudo
training seeds and then facilitate mutual supervision of em-
bedding learning between the two view-specific encoders
by harnessing the complementary knowledge delivered from
the two views. Specifically, we first obtain view-specific
similarity matrices by calculating embedding similarities
of NP pairs, and apply a top-k constraint for selecting
pseudo training seed pairs. Subsequently, these pseudo train-
ing seeds generated from one view are leveraged to optimize
the other view-specific encoder, enabling them to learn com-
plementary knowledge from each other alternately.

Given two distinct NPs ni and nj (ni, nj ∈ N ), their
relational-view pairwise similarity sr(ni, nj) and semantic-
view pairwise similarity ss(ni, nj) are computed via co-
sine similarity between their corresponding view-specific
embeddings. Then, the relational-view similarity matrix Mr

and the semantic-view similarity matrix Ms are:

M
r(s)
ij =

{
sr(s)(ni, nj), if i ̸= j

0, otherwise
(3)

In order to facilitate cross-training between the two views,
for each NP ni ∈ N , we select its top-k most similar NPs
based on the relational-view similarity matrix Mr to con-
struct the set of semantic-view training seeds Ss, which can
be formulated as:

Ss =
⋃

ni∈N

{
(ni, nj) | nj ∈ N ∧Mr

ij ∈ top-k(Mr
i:)
}

(4)

where top-k(·) is a row-wise function that returns the top-
k values for each row, filtering out low-quality matches
and preventing noise accumulation. Similarly, based on the
semantic-view similarity matrix Ms, we could yield the set
of relational-view training seeds Sr. Then, the generated
pseudo training seeds Sr and Ss are used to optimize their
corresponding view-specific encoders respectively.

For the relational-view encoder, we follow (Shen, Yang,
and Liu 2022) to augment the training data by swapping
the seed NP with its paired counterpart in their involved
OIE triples, thereby generating additional positive relational
triples for training according to Eq. 1. Specifically, given a
relational-view training seed (ni, nj) ∈ Sr, new positive re-
lational triples T +

(ni,nj)
can be derived as:
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{
(nj , r, n

o) | (ni, r, n
o) ∈ T +

}
∪
{
(ns, r, nj) | (ns, r, ni) ∈ T +

}
∪{

(ni, r, n
o) | (nj , r, n

o) ∈ T +
}
∪
{
(ns, r, ni) | (ns, r, nj) ∈ T +

}
For the semantic-view encoder, we optimize it via the

cross-entropy loss, maximizing the embedding similarities
of semantic-view training seeds (ni, nj) ∈ Ss, with respect
to randomly sampled pairs:

Lsem =
∑

(ni, nj)∈Ss

− log
exp (ss(ni, nj))

exp (ss(ni, nj)) +
∑

(ni′ , nj′ )∈S−
s
exp (ss(ni′ , nj′))

Here, S−
s denotes the set of negative semantic-view seeds,

which are generated by replacing either ni or nj in a positive
semantic-view seed (ni, nj) ∈ Ss with a random NP in N .

This generate-and-train process is carried out iteratively
to optimize both view-specific encoders until reaching the
predefined number T . The well-trained view-specific en-
coders are then employed in the retrieval process, improving
the retrieval precision without the need of external resources.

Dual-view Integrated Retrieval After the cross-training
process introduced above, we leverage the well-trained
view-specific encoders to obtain view-specific similarity
matrices Mr and Ms according to Eq. 3, based on which
we can retrieve the top-k candidates for each NP from the
relational view and semantic view respectively as:

Rr = g(Mr) ; Rs = g(Ms) (5)

g(M) = [Rij ] =

{
1, if Mij ∈ top-k(Mi:)

0, otherwise
(6)

Here, Rr and Rs denote retrieval results of the relational
view and semantic view respectively, with each element
Rij ∈ {0, 1} indicating whether nj is retrieved as a top-
k candidate for ni. Then, to facilitate more comprehensive
retrieval by integrating the complementary knowledge from
both views, we propose to combine Rr and Rs to derive the
final candidate NP pairs P as follows:

P =
⋃

ni,nj∈N

{
(ni, nj) | Rr

ij = 1 ∨Rs
ij = 1

}
(7)

Reader
Dual-view Consensus Based Training As introduced in
Section 1, the high-capacity reader is an integral compo-
nent that severely affects the overall canonicalization per-
formance. In order to capture the direct interaction be-
tween NPs, we instantiate the reader as a BERT-based cross-
encoder (Devlin et al. 2019), which performs deep cross-
interaction between pairwise inputs and has been widely
employed for fine-grained similarity calculations between
sentences (Wu et al. 2020, 2023). However, despite the ef-
fectiveness of cross-encoders in assessing sentence simi-
larities, directly applying them to the OKB canonicaliza-
tion task may lead to suboptimal results due to the diver-
gence between unstructured sentences and structured OIE
triples. To bridge this gap, we propose to tailor the cross-
encoder for OKB canonicalization, capitalizing on the dual-
view knowledge preserved in the retriever. Concretely, the

cross-encoder is expected to mimic pairwise NP similarities
embedded in the view-specific similarity matrices Mr and
Ms yielded by the retriever.
Consensus pair selection. Since both views inevitably con-
tain noise that might misguide the subsequent training pro-
cess of the cross-encoder, it is crucial to mitigate such noise
and prevent error propagation. Following the insight that
predictions agreed on by different views are more likely to
be correct and less affected by view-specific noise (Chris-
toudias, Urtasun, and Darrell 2008), we employ a strategy
to opt for reliable training data based on the consensus of
both views. To be specific, we construct the set of consensus
pairs C by simultaneously considering the predictions of the
relational view (i.e., the matrix Rr) and the semantic view
(i.e., the matrix Rs):

C =
⋃

ni,nj∈N

{
(ni, nj) | Rcon

ij = 1
}
; Rcon = Rr ⊙Rs

where operator ⊙ denotes the element-wise multiplication,
ensuring that an NP pair (ni, nj) is included in C only if both
the relational and semantic views identify it as a positive
prediction, thus effectively alleviating potential noise.
Training with dual-view aggregated similarity. With the
dual-view aggregated similarity matrix M = 1

2 (M
r +Ms),

and the set of consensus pairs C = {(ni, nj)}, we opti-
mize the cross-encoder by minimizing the discrepancy be-
tween its output similarities and the corresponding dual-
view aggregated similarities using the binary cross-entropy
loss function as follows:

Lcross = −
∑

(ni, nj)∈C

(
Mij · log(sread(ni, nj))

+(1−Mij) · log(1− sread(ni, nj))
)

Here, sread(ni, nj) represents the fine-grained similarity
output by the cross-encoder for the NP pair (ni, nj) via
high-capacity pairwise reading, with the calculation process
elucidated in Section 4. After learning from dual-view ag-
gregated similarities of consensus pairs, the cross-encoder
becomes more adept at modeling NP pairs and is anticipated
to deliver more accurate similarities for candidate NP pairs
owing to its higher model capacity.

High-capacity Pairwise Reading For a retrieved candi-
date NP pair (ni, nj) ∈ P , we first construct their re-
spective sequences Seq(ni) and Seq(nj) as per Eq. 1,
and then concatenate them with an additional special to-
ken [SEP] in between to form the input: dni,nj

=
[CLS]Seq(ni)[SEP]Seq(nj)[SEP]. Subsequently, the
input dni,nj

is fed into the high-capacity cross-encoder to
compute the fine-grained pairwise similarity as:

sread(ni, nj) = σ(CE(dni,nj
)) (8)

Here, CE(·) denotes the cross-encoder, which consists of a
BERT model followed by a linear layer, and σ(·) is the sig-
moid activation function used to scale the similarity score
within the range of [0, 1].

16095



Grouper
Since the actual number of clusters is unknown, the grouper
module requires a clustering algorithm that does not neces-
sitate a predetermined cluster number. What’s more, tradi-
tional clustering methods (e.g., hierarchical agglomerative
clustering (HAC), k-means, etc.) relying on complete pair-
wise similarities between instances (often calculated over in-
stance embeddings) may not be well-suited in our scenario,
considering that only partial pairwise NP similarities from
the reader are available as input. In light of these constraints,
the graph-based clustering algorithm (Ma, Strube, and Zhao
2024; Lin, Li, and Jia 2023) stands out as a fitting choice for
the grouper, as it can effectively operate solely based on par-
tial pairwise similarities, aligning seamlessly with the spe-
cific characteristics of our framework.

Similarity Graph Construction To enable the operation
of graph-based clustering algorithms, we start with the con-
struction of an undirected, weighted similarity graph G =
(V,E,W ), where V represents the set of nodes and E sig-
nifies the set of undirected edges weighted by W . In this
graph, each node vi ∈ V corresponds to the NP ni ∈ N , and
an edge eij = (vi, vj) ∈ E is created if the corresponding
NP pair (ni, nj) is identified as a candidate NP pair by the
retrieval process. The weight wij ∈ W assigned to the edge
eij is initialized with the fine-grained pairwise similarity for
the NP pair (ni, nj) obtained from the reading process (i.e.,
wij = sread(ni, nj)).

Graph-based Grouping As a classical graph-based clus-
tering technique, markov clustering (MCL) (Van Dongen
2008) is employed over the constructed similarity graph G to
group NPs into canonicalization clusters, each representing
a distinct real-world entity. Built upon the intuition that ran-
dom walks on the graph are more likely to get stuck within
the same cluster rather than traversing across different clus-
ters, MCL computes the probability of random walks be-
tween nodes and prunes paths with low probabilities to dis-
cover target clusters in the graph. Initially, the transition ma-
trix P0 ∈ R|V |×|V | is computed by normalizing the weights
of edges around each node in a column-wise manner as:
P0

ij =
wij∑|V |
l=1 wlj

, with P0
ij ∈ [0, 1] denoting the transition

probability from node vj to node vi. Afterwards, MCL sim-
ulates random walks by alternating two key operations: ex-
pansion and inflation. Specifically, during iteration t, the ex-
pansion operation corresponds with squaring the transition
matrix Pt−1 from the previous iteration to produce the ex-
pansion matrix Et, which facilitates potential connections
between distant nodes:

Et = expansion(Pt−1) = (Pt−1)2 = Pt−1 Pt−1 (9)

Subsequently, the inflation operation deliberately in-
creases the probabilities of intra-cluster walks and demotes
those of inter-cluster walks by raising each element in Et to
the power of r and then re-normalizing each column, which
can be formulated as:

Pt
ij = [inflation(Et)]ij =

(Et
ij)

r∑|V |
l=1(E

t
lj)

r
(10)

Here, r ≥ 1 is the inflation parameter that influences the
granularity of clusters. The expansion and inflation opera-
tions are repeated iteratively until convergence, and the re-
sulting connected components in the graph constitute the fi-
nal canonicalization clusters of synonymous NPs.

5 Experiments
Experimental Settings
Datasets We perform experiments on two commonly uti-
lized benchmark datasets of OKB canonicalization, i.e.,
ReVerb45K (Vashishth, Jain, and Talukdar 2018) and
OPIEC59K (Shen, Yang, and Liu 2022), to evaluate the per-
formance of our instantiated framework DUVK.

Evaluation Metrics Following previous OKB canonical-
ization studies (Galárraga et al. 2014; Shen, Yang, and Liu
2022; Vashishth, Jain, and Talukdar 2018; Dash et al. 2021;
Liu et al. 2021; Shen, Yang, and Liu 2024), we employ av-
erage F1 (i.e., averaging macro F1, micro F1 and pairwise
F1) as the standard comprehensive evaluation metric.

Implementation Details The dimension d of NP embed-
dings is set to 300 for both the relational view and seman-
tic view, and the number of cross-training iterations T is
3. The margin hyperparameter γ and inflation parameter r
are set to 12 and 3 respectively. We use Adam as the opti-
mizer for training, with a learning rate of 1e-4. During the
retrieving stage, k is set to 1 and 3 over ReVerb45K and
OPIEC59K, respectively. All experiments are implemented
using the PyTorch Framework with a single NVIDIA 3090
(24G) GPU. The datasets and source code are publicly avail-
able at https://github.com/TianMonki/DUVK.

Effectiveness Study
To demonstrate the effectiveness of our proposed frame-
work DUVK, we benchmark it against several state-of-the-
art baselines, which can be categorized into two types:
(i) Resource-dependent methods exploit various external re-
sources to generate seed pairs of synonymous NPs as prior
knowledge, including CESI (Vashishth, Jain, and Talukdar
2018), CUVA (Dash et al. 2021), JOCLcano (Liu et al.
2021), CMVC (Shen, Yang, and Liu 2022), CLUE (Shen,
Yang, and Liu 2024).
(ii) Resource-independent methods rely exclusively on inter-
nal knowledge instead of external resources, offering higher
adaptability. These methods include Morph Norm (Fader,
Soderland, and Etzioni 2011), Text Similarity, IDF Token
Overlap and Attribute Overlap (Galárraga et al. 2014).

The experimental results of these baseline methods are
shown in Table 1, sourced directly from the paper of CMVC
(Shen, Yang, and Liu 2022). Notably, since CLUE (Shen,
Yang, and Liu 2024) additionally leverages manually an-
notated linking labels that are not available in the task of
OKB canonicalization, we re-ran its open-source implemen-
tation excluding this annotated data to ensure a fair com-
parison. Overall, the experimental results in Table 1 show
a significant performance gap between resource-dependent
and resource-independent baselines, indicating that tackling
OKB canonicalization without external resources is indeed
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Methods
ReVerb45K OPIEC59K

Macro F1 Micro F1 Pairwise F1 Average F1 Macro F1 Micro F1 Pairwise F1 Average F1
Resource-dependent Methods

CESI 0.640 0.855 0.842 0.779 0.328 0.807 0.667 0.600
CUVA 0.682 0.872 0.878 0.810 0.128 0.789 0.686 0.534

JOCLcano 0.537 0.854 0.823 0.738 0.465 0.790 0.776 0.677
CMVC 0.662 0.881 0.893 0.812 0.521 0.909 0.878 0.769
CLUE 0.732 0.876 0.814 0.807 0.548 0.912 0.877 0.779

Resource-independent Methods
Morph Norm 0.627 0.558 0.334 0.506 0.476 0.222 0.186 0.294

Text Similarity 0.625 0.566 0.394 0.528 0.480 0.228 0.192 0.300
IDF Token Overlap 0.603 0.551 0.338 0.497 0.457 0.225 0.190 0.290
Attribute Overlap 0.621 0.558 0.342 0.507 0.474 0.226 0.187 0.295

DUVK (ours) 0.690 0.879 0.870 0.813 0.650 0.904 0.847 0.800

Table 1: Performance on OKB canonicalization task.

Variants ReVerb45K OPIEC59K

DUVK (full) 0.813 0.800

- w/o relational-view encoder 0.791(−2.2%) 0.746(−5.4%)

- w/o semantic-view encoder 0.803(−1.0%) 0.754(−4.6%)

- w/o dual-view cross-training 0.808(−0.5%) 0.773(−2.7%)

- w/o reader 0.769(−4.4%) 0.748(−5.2%)

- w/o reader & grouper 0.762(−5.1%) 0.731(−6.9%)

Table 2: Average F1 of different variants for DUVK.

more complex and challenging. Despite this, without relying
on any external resources, DUVK still achieves competitive
or even superior performance compared to state-of-the-art
baselines (most of which are resource-dependent methods),
demonstrating its strong efficacy. Specifically, in compari-
son to the latest resource-dependent baseline CLUE, which
leverages the correlation between OKB canonicalization and
OKB linking, our resource-independent DUVK achieves
0.6% and 2.1% performance gains in average F1 on Re-
Verb45K and OPIEC59K, respectively. This improvement
can be attributed to two factors. Firstly, CLUE solely learns
from relational information, while DUVK utilizes both re-
lational and semantic knowledge. Secondly, CLUE follows
a traditional embedding-centered pipeline that separates the
processes of NP embedding learning and similarity calcula-
tions, failing to leverage the direct interaction between NPs,
as discussed in Section 1. In contrast, built upon our newly
proposed retrieve-read-group paradigm, DUVK is capable
of exploiting such direct NP interaction effectively to facili-
tate more fine-grained pairwise NP similarity calculations.

Ablation Study
To validate the effectiveness of each key component in our
proposed DUVK, we conduct an ablation study considering
five variants, with the results summarized in Table 2.

Effectiveness of Dual-view Knowledge We remove one
of the view-specific encoders, retaining the other to func-
tion solely as the retriever. Both variants demonstrate promi-
nently decreased performance compared to the full DUVK

framework. To gain deeper insights, we discard the dual-
view cross-training strategy, making these two view-specific
encoders unable to learn from each other. This variant also
exhibits a performance drop, confirming that each view
could contribute complementary knowledge and the dual-
view cross-training strategy can facilitate mutual reinforce-
ment between the two view-specific encoders. Moreover,
the influence of dual-view knowledge is less obvious on
ReVerb45K, which may be due to the higher homogeneity
between relational and semantic knowledge in this dataset,
mitigating the incremental benefit of combining them.

Effectiveness of Our Paradigm In the “w/o reader” vari-
ant, the reader component is eliminated, leaving only the
”retrieve-group” stages. As shown in Table 2, this results in
a notable performance decrease of 4.4% on ReVerb45K and
5.2% on OPIEC59K, which indicates the crucial role of the
reader in leveraging direct interactions between NPs to pro-
vide fine-grained similarities and improve overall canonical-
ization performance. For the “w/o reader & grouper” vari-
ant, we exclude both the reader and grouper, directly apply-
ing HAC over the learned embeddings from the retriever to
yield the final result, which actually aligns with the tradi-
tional embedding-centered pipeline. This variant results in
a more pronounced performance degradation (i.e., 5.1% on
ReVerb45K and 6.9% on OPIEC59K), highlighting the effi-
cacy of our three-stage retrieve-read-group paradigm.

Analysis of Paradigm Flexibility
To demonstrate the flexibility of our proposed retrieve-
read-group paradigm, we conduct experiments by instan-
tiating each stage with alternative components, as pre-
sented in Figure 2. Specifically, for the retriever, the lexical-
based BM25 (Robertson and Walker 1994), while efficient,
achieves lower performance than more advanced semantic-
based GloVe (Pennington, Socher, and Manning 2014). Ad-
ditionally, when comparing the results in ablation study
and Figure 2, it can be observed that both DUVK (BM25)
and DUVK (GloVe) perform worse than two single-encoder
variants, underscoring the superiority of our relational-view
and semantic-view encoders. For the reader, replacing the
original BERT with either the more lightweight ALBERT
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Figure 2: Performance across different instantiations.

(Lan 2019) or the more complex RoBERTa (Liu 2019)
yields competitive performance. For the grouper, substitut-
ing MCL with two common graph-based clustering tech-
niques (i.e., Louvain (De Meo et al. 2011) and Leiden
(Traag, Waltman, and Van Eck 2019)) results in minimal
performance differences, with Louvain delivering slightly
worse outcomes on ReVerb45K. Overall, these results verify
the flexibility of our paradigm, as it supports diverse instan-
tiations while maintaining competitive performance.

Sensitivity Study
To examine the sensitivity of DUVK, we investigate its per-
formance with respect to two key hyperparameters: the num-
ber of retrieved candidates k and the inflation parameter r.

The Number of Retrieved Candidates k We conduct ex-
periments by varying k from 1 to 5. From Figure 3(a), it
is observed that as k initially increases (i.e., when k < 3),
the overall performance in terms of average F1 gradually
improves. This can be explained by the fact that a larger k
allows for a more comprehensive retrieval of synonymous
NP pairs, resulting in higher recall scores. However, as k
continues to increase (i.e., when k ≥ 3), the overall perfor-
mance in terms of average F1 peaks and then begins to de-
cline. This could be attributed to the incorporation of more
non-synonymous NP pairs as incorrect training seeds, which
introduce additional noise to the cross-encoder, thus degrad-
ing precision scores. Overall, compared to the best baseline
displayed in Figure 3(a), DUVK consistently achieves supe-
rior performance over the range of k from 2 to 5, demon-
strating its robustness and insensitivity to k.

The Inflation Parameter r The inflation parameter r con-
trols the granularity of the clustering output. To be specific,
a lower value of r tends to produce fewer and larger clusters,
resulting in higher recall scores, as displayed in Figure 3(b).
Conversely, a higher value of r is likely to generate more and
smaller clusters, leading to higher precision scores, which is
consistent with the performance presented in Figure 3(b).
Therefore, the choice of r involves a trade-off between pre-
cision and recall. As depicted in Figure 3(b), DUVK main-
tains competitive performance with the best baseline method
across the range of {2.0, 2.5, 3.0, 3.5, 4.0}, which verifies its
robustness and insensitivity to the parameter r.

1 2 3 4 5
k

0.70

0.75

0.80

0.85

(a) Retrieval number k

2.0 2.5 3.0 3.5 4.0
r

(b) Inflation parameter r

Average Precision (DUVK)
Average Recall (DUVK)

Average F1 (DUVK)
Average F1(Best Baseline)

Figure 3: Impact of varying hyperparameters k and r.

6 Related Work

For the task of OKB canonicalization, previous methods
can be categorized into two types: (i) resource-dependent
methods that resort to external resources, and (ii) resource-
independent methods that rely solely on internal knowledge
within OKBs. Specifically, the first work on OKB canoni-
calization (Galárraga et al. 2014) belongs to the latter type,
utilizing hand-crafted pairwise features like text similarity
and IDF token overlap based on internal textual knowledge.
CESI (Vashishth, Jain, and Talukdar 2018) inventively in-
troduces the embedding-centered pipeline to tackle OKB
canonicalization, which exploits external resources and a
KB embedding method (Nickel, Rosasco, and Poggio 2016)
to learn the embeddings of NPs, and then calculates pair-
wise cosine similarities for HAC clustering. Subsequent ap-
proaches such as CUVA (Dash et al. 2021), CMVC (Shen,
Yang, and Liu 2022) and CLUE (Shen, Yang, and Liu 2024)
further extend this pipeline by incorporating various exter-
nal resources to learn better NP embeddings. However, in
these embedding-centered methods, the direct interaction
between NPs is not leveraged due to the separation between
the processes of individual encoding and similarity calcu-
lation, limiting the overall canonicalization performance. In
contrast, without the need of any external resources, our pro-
posed paradigm and instantiated framework DUVK achieve
leading canonicalization performance by effectively lever-
aging the direct interaction between NPs for fine-grained
pairwise NP similarity calculations.

7 Conclusion

In this paper, we delve into the task of OKB canonicaliza-
tion. Unlike the traditional embedding-centered pipeline, we
introduce an innovative retrieve-read-group paradigm that
exploits the direct NP interaction to facilitate fine-grained
pairwise NP similarity calculations, thereby reducing re-
liance on external resources. To instantiate this paradigm,
we propose DUVK, a novel self-supervised framework that
integrates dual-view knowledge from both relational and se-
mantic views. Comprehensive experiments demonstrate that
without the use of any external resources, DUVK still out-
performs all state-of-the-art baselines.
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