ISSN 1330-3651(Print), ISSN 1848-6339 (Online)

https://doi.org/10.17559/TV-20250224002415
Original scientific paper

Entity Type-Aware Ultra-Fine Entity Typing with Adaptive Distance Optimization

Feng WANG*, YiXiu QIN

Abstract: Recent work have focused on representing entity mentions as well as entity types in a high-dimensional box space to more effectively capture their complex
relationships. In box space, entity mentions as well as entity types are represented as high-dimensional hyper-rectangles. However, the role of entity types is often overlooked
or inadequately incorporated in classification tasks within box space. Furthermore, the model struggles with precise optimization under specific conditions, or its constraints
are excessively strict, leading to the complete overlap of the two box center points. In light of these shortcomings, this paper presents the Entity Type-aware Ultra-fine Entity
Typing with Distance Optimization. The ETUT effectively integrates entity type information and introduces an adaptive distance-based module, ensuring model optimization
even when two boxes are either fully separated or completely overlapped in space. Experimental results from ultra-fine and fine-grained entity typing datasets demonstrate
the effectiveness of ETUT, showing it to be a state-of-the-art method in the domain of ultra-fine and fine-grained entity typing.
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1 INTRODUCTION

Detecting entity types associated with entity located in
the sentence is essential for text information analysis [1,
2], significantly impacting downstream NLP tasks [3]
like knowledge base completion [4], co-reference
resolution [5], entity linking [6, 7], relation extraction [8-
10] and question answering [11]. Named entity
recognition (NER) [12, 13] traditionally identify a small
set of entity types (typically fewer than ten), which are
primarily coarse-grained [12], such as entity type /person,
entity type /location, as well as entity type /organization [2].
However, these entity types provided by NER are
insufficient to deliver the fine-grained information
required for downstream tasks [2, 14, 15].

The objective of ultra-fine (UFET) and fine-grained
entity typing (FGET) is aims to associate an entity
mention with multiple entity types based on both the
entity mention and its context (UFET is a sub-task of
FGET), overcoming the constraint of NER, which
identifies only coarse-grained entity types. FGET enables
an entity mention to be associated with more than one
entity types, encompassing coarse-grained as well as fine-
grained entity types [16], such as entity type /person,
entity type /person/artist, and entity type /person/actor,
making it more challenging than traditional NER [15,
17]. NER first integrates knowledge base relational
information with textual attention mechanisms, overcoming
the limitations of traditional models in modeling entity-
context correlations.

Since FGET involves fine-grained entity types, it
necessitates a large number of entity types to maintain
classification precision [15, 16, 18]. Due to the inherent
complexity of FGET, a large number of entity types are
necessary [15, 16, 19], typically ranging from hundreds
[14] to thousands. To organize these entity types, entity
types in FGET often follow intricate structures, like type
hierarchy [17, 20-22]. Researchers have shown
considerable interest in the type hierarchy of FGET [14,
17, 20, 22-26]. Numerous studies have demonstrated that
the type hierarchy significantly enhances the performance
of FGET [17, 22-24]. Previous studies have incorporated
type hierarchy via techniques such as hierarchy loss [23],
complex bilinear mapping [24], and hyperbolic space [25].

It is crucial to highlight that techniques such as hierarchy
loss [23], learning-to-rank loss [22], and complex bilinear
mapping [24] depend on an explicit type hierarchy,
which is absent in some FGET datasets.

UFET methods utilizing hyperbolic space [25, 28,
29] do not rely on an explicit type hierarchy, but they
suffer from a lack of mathematical interpretation and
are limited in their ability to capture entity type
relations [18]. In order to overcome this shortcomings,
Onoe et al. [18] introduced the novel approach of
modeling UFET in high-dimensional box space. This
method maps the representations of entity mentions and
types as well as the contexts of entity mentions into a
shared box space [30], where entity mentions are
classified. In contrast to traditional classification methods
that rely on vector spaces, high-dimensional box space
leverages spatial relationships-such as separation,
intersection, or overlap to classify entity mentions [18, 27].
High-dimensional vector spaces are foundational for
semantic models (e.g., word embeddings). They capture
nuanced relationships between concepts, supporting tasks
like analogical reasoning and compositional thought.

While UFET methods based on box embeddings
offer the advantages mentioned above, there are still some
shortcomings to this approach. First, the influence of entity
types is not considered or insufficiently considered when
conditional probabilities are used to classify entity
mentions [18, 27]. Second, gradient-based optimization
methods tend to perform poorly in the case two boxes are
either completely separated or overlap. To resolve such
issue, BOX4Types [18] employs the Gumbel
approximation, however it is an approximation method
and cannot be computed exactly.

Similarly, to solve the problem, Qin et al. [27]
proposed a distance-based approach, but their approach
was too strict. To better resolve the aforementioned
issue, this work introduces Entity Type-aware Ultra-
fine Entity Typing with Adaptive Distance Optimization
(ETUT), designed to overcome the identified
limitations with little extra computational cost. The
ETUT proposed in this paper contains two two modules,
one of which is an adaptive module based on IoU and the
other is an adaptive classification optimization module
based on distance.
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To tackle the first limitation, earlier research [4, 17,
20, 22, 23, 26, 31] generally modeled UFET in vector
space. In vector space, all entity types share the same
dimensions, making it challenging to distinguish
between them and to account for their effects during
classification. Recent work [18, 27] has introduced high-
dimensional box space for modeling UFET, allowing
entity type impacts to be considered during classification,
given their diverse sizes and shapes. This study stresses
that it is unjustifiable to overlook the influence of entity
types, as indicated by the first limitation. In box space,
the sizes of boxes representing entity types are
inconsistent, particularly in the case entity types span
different granularities or depth of type hierarchy. An entity
type of coarse-grained typically associated with a larger
box than an entity type of fine-grained, as the latter are
usually subcategories of coarse-grained ones. The analysis
reveals that entity mentions typically intersect more
extensively with coarse-grained ones than with fine-
grained ones. To exemplify this phenomenon, this paper
uses the entity type /person and its sub-entity type
/person/actor to illustrate the concept of type hierarchy.
The bounding box representing an entity mention might
be entirely enclosed by the bounding box for the coarse-
grained entity type /person, while may exhibit only a
limited overlap with the box for the fine-grained sub-type
/person/actor, a specific type under /person. Consequently,
entity mentions are typically classified into the general
entity type /person with ease, but accurately identifying
them as the fine-grained entity type /person/actor remains
a more complex task. Nevertheless, the latter deliver more
detailed and critical information, enhancing their
importance in downstream applications [2, 15]. To tackle
the aforementioned limitation, this paper presents an
adaptive IoU-based module that improves model
performance.

To alleviate the second limitation, the Gumbel
approximation [32] is employed in recent work [18],
partially — mitigating this issue. The  Gumbel
approximation, being an approximate method, cannot be
computed exactly, resulting in errors during training.
While solutions for the second limitation are scarce in
NLP [33], there is a wealth of approaches in computer
vision, especially in object detection [34-40], such as
GloU [34], distance-IoU [35], CloU [35], EloU [39]. To
resolve the second limitation of previous work, this work
presents an adaptive distance-based optimization module,
leveraging insights from predicted box refinement in
computer vision.

The major contributions of this paper are as follows:

In this paper, an adaptive loU-based module is
introduced to integrate the effects of entity types into the
classification process adaptively.

This work presents an adaptive distance-based module
aimed at refining model performance by effectively
handling scenarios where two boxes exhibit complete
separation or full overlap.

Empirical evaluations conducted on the UFET and
FGET datasets indicate that ETUT consistently out-
performs baseline models, achieving state-of-the-art
(SOTA) results.

The structure of this paper is as follows. Section 2
provides an overview of related work, Section 3 outlines

the ETUT in detail, Section 4 reports experiments, and
at the end Section Ssummarizes the key findings of this

paper.
2 RELATED WORK

In FGET as well as UFET, the number of entity types
can range from hundreds [14] to thousands [19]. This
substantial number of entity types in FGET and UFET
introduces two primary challenges. In this section, we
review existing work related to fine-grained and ultra-fine
entity typing (FGET and UFET), focusing on three key
aspects. Section 2.1 discusses the role and modeling of
type hierarchies in entity typing. Section 2.2 reviews
approaches specifically designed for ultra-fine entity
typing. Section 2.3 summarizes prior efforts in addressing
label noise issues, which are particularly prevalent in
large-scale entity typing datasets. These subsections
collectively provide the background and motivation for
the proposed ETUT framework.

2.1 Type Hierarchy in FGET

Entity types in FGET as well as UFET typically
organizes entity types into a hierarchical structure [20-
22]. For in- stance, the OntoNotes dataset organizes its
entity types into a three-level hierarchical structure,
whereas the BBN dataset and FIGER dataset use a two-
level hierarchical structure to organize their entity types.
Earlier work on FGET has not adequately considered the
significance of type hierarchical relationship among
entity types, overlooking the type hierarchy and
assuming all entity types to be of equal importance [12,
15]. In UFET, the type hierarchy serves as a fundamental
mechanism that effectively boosts the model’s
classification capabilities by leveraging structured
relationships among entity types [18, 22, 31].

One of the most foundational approaches in FGET
is the NFETC method, introduced by Shimaoka et al.
[17]. Shimaoka et al. [17] introduced a method to encode
entity types, capturing the hierarchical relationships
between them based on the type hierarchy. By leveraging
the encoding strategy proposed by Shimaoka et al. [17],
the entity types located in the same hierarchy can share
parameters with their common parent, which enhances
model performance, particularly for entity types that
suffer from insufficient training data. Chen et al. [22]
emphasized that penalties should vary across entity types
at different hierarchical levels and introduced a ranking
loss and a sub-entity type relation constraint loss.
According to Xu et al. [23], treating entity types equally
in FGET is not suitable, as it neglects the varying levels of
specificity and importance among different entity types.
Consider the case where an entity mention is classified as
/person/athlete. In this case, it is more reasonable to assign
/person as its entity type rather than /location, given that
/person/athlete is inherently associated with /person. To
address this, Xu et al. [23] introduced a hierarchy-aware
loss function that mitigates the penalties for entity types
that are more relevant or closely linked within the type
hierarchy. To better capture the co-occurrence
dependencies among entity types, Xiong et al. [41]
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leveraged convolutional networks to model entity type co-
occurrence statistics.

2.2 UFET

All of the above studies need to provide a well-
defined type hierarchy to be effective, however, a well-
defined type hierarchy is not provided in UFET.

To model hierarchical relationship without requiring
explicit type hierarchy, Lopez et al. [25] utilized
hyperbolic space for FGET and UFET. Representations
of both entity mentions and entity types are embedded in
the shared hyperbolic space, with all relevant
computations and operations executed within this space. To
address the challenge of modeling hierarchical
relationships without a type hierarchy as well as address
the limitations of earlier work, Onoe et al. [18] embedded
both entity mentions and entity types into a shared box
space. Compared to hyperbolic space, high-dimensional
box space provides clearer mathematical interpretation
and is more effective at capturing entity type
relationships. Despite its advantages, the box space-based
UFET method overlooks the influence of entity types
as well as lacks precise optimization when two boxes are
either entirely overlapped or fully separated. In order
to solve the above deficiencies of the existing high-
dimensional box space, this paper proposes ETUT, which
can effectively solve the limitations of the existing high-
dimensional box space.

2.3 Label Noise in FGET

The vast number of entity types in FGET and UFET
creates substantial difficulties for data annotation,
which is why distant supervision [42] is often employed
in the annotation process [14, 18]. However, distant
supervision fails to account for the context of the entity
mention, resulting in label noise for FGET and UFET [2,
23]. Due to the invisible nature of noise in the FGET and
UFET annotation process, it is difficult to apply effective
measures to address it. This challenge leads to a
relatively small focus on data noise reduction in FGET
and UFET studies, however there are some more classical
data noise reduction methods in FGET [43, 44] and UFET
[45].

Xin et al. [16] proposed a fine-grained entity typing
(FGET) method enhanced by a large language model,
leveraging the model to quantify the relationship
between context and predicted entity types. Following
the approach of Xin et al. [16], predicted entity types
exhibiting stronger relevance to the context should
experience reduced penalties. Zhang et al. [44] handled
both clean data as well as noisy data in the same way,
and introduced probabilistic-based approach to handle
label noisy issue. Ren et al. [1] introduced a label noise
processing approach that leverages PLL (partial-label loss),
demonstrating considerable success in FGET. Xu et al.
[23] highlighted the issue of out-of-context noise in FGET
and introduced an enhanced PLL to mitigate the issue of
out-of-context noise. Ren et al. [12] developed a method
named AFET, which distinguishes between clean and noisy
data by using PLL to manage noisy labels. Nevertheless, it
requires an external KB (knowledge base) to function

effectively. Pan et al. [45] introduced an approach
utilizing Gaussian distribution that automatically
eliminates the effects generated by noisy data in FGET and
UFET. Onoe et al. [43] proposed an approach to mitigate
label noise through filter and relabel modules, which
utilizes a filter module to discard excessively noisy
labels and are label module to reassign accurate labels
to the filtered data. Chen et al. [21] presented clustering-
driven FGET approach that separates dataset into noisy or
clean subsets, using clean subset for model training as well
as noisy subset for model optimization. Wu et al. [20]
introduced a content- driven strategy that leverages
random walk to eliminate the influence of noisy labels in
FGET.

2.4 Summary

To highlight the distinctions between ETUT and prior
research, it is important to note the following:

Unlike existing box-based methods [18, 27] that either
overlook the influence of entity types or apply static
treatment, ETUT introduces an adaptive loU-based module
that dynamically integrates the impact of entity types based
on their spatial characteristics in box space.

In contrast to BOX4Types [18], which relies on
Gumbel approximations for optimization when boxes are
fully overlapped or separated, ETUT incorporates an
adaptive distance module inspired by object detection
techniques in computer vision, enabling precise and robust
optimization even in these extreme cases.

Furthermore, ETUT employs a multi-objective
optimization framework, jointly optimizing classification,
adaptive IoU, and distance constraints, which previous
work did not explore. These distinctions demonstrate
ETUT's capacity to address fundamental challenges in both
fine-grained and ultra-fine entity typing tasks.

3 METHODOLOGY

In this section, a comprehensive overview of the
ETUT method proposed in this paper is presented. This
section is structured as follows. The first part describes the
problem statement, followed by the description of the
input representation. The subsequent section presents a
comprehensive description of the two modules proposed
in this paper. At the final of this section, this paper
introduce the overall objective function.

3.1 Problem Statement

This paper defines both FGET and UFET as multi-
label classification problems, in which an entity mention
m can be assigned to one or more entity types. In FGET,
an entity mention can be classified into distinct entity
types depending on the context in which it appears, and a
sentence may contain multiple entity mentions, each
potentially belonging to different entity types.
Consequently, for a given entity mention m and its
surrounding context s (the sentence in which m appears),
FGET strives to classify m into one or multiple entity
types, considering both m and s. If the probability of
entity mention m belonging to entity type # exceeds
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0.5, £ will be assigned to m, where # [ T, T denotes the
set of all entity types.

3.2 Input Representation

In line with prior FGET and UFET approaches, this
paper utilizes entity mention m as well as its context s to
construct the feature representation for FGET and UFET
[18, 44, 46]. In contrast to previous FGET and UFET
approaches that rely on traditional vector spaces, our
method projects the representations of entity types as well
as the representations of entity mentions into a shared box
space, where the classification of entity mentions into
their respective entity types occurs.

For an entity mention m and context s of entity
mention m, the corresponding representation of entity
mention m is constructed based on the pair (m, s). The above
process can be mathematically expressed as:

x,,, = CLS ¢ SEP, (1)

In Eq. (1), the CLS token is specifically employed to
encode the semantic representation of the entire expression,
while the SEP token acts as a separator to delineate two
different phrases.

Once the entity mention m is encoded as Xu., a
systematic approach is undertaken to project it into high-
dimensional box space. The first step involves segmenting
x,, into individual tokens, which serves as the foundation
for subsequent operations in the model. The next step
involves transforming the tokens of yx,,, into the vector

representation pletsle pi by applying the [CLS] token
from the encoder, such as BERT [47], where / signifies

the dimension of the encoder's output space. At the end,

the vector Al is mapped to xeR* via a highway

network, where R? denotes the coordinates of center
point, and R? denotes the offsets relative to center point.

In this work, box x is represented using two vectors:
one is the center coordinates € R, and another one is the
offsets coordinates € R? which is measured relative to c;.
As a result, the minimum coordinates as well as the
maximum point coordinates of box is mathematically
expressed as:

Xy (xm ) = O'(Cx —/+s0ﬁplus(0x)) 2)

In Eq. (2), o is an activation function, softplus
within Eq. (2) is mathematically expressed as:

sofiplus(x) = 1n(1+e") 3)

After the representation of entity mention m in the
high-dimensional box space according to Eq. (1), the
following step requires the projection of entity type ¢* into
the shared high-dimensional box space. In addition, the
entity type ¢* is mapped to its corresponding box
representation % through a structured conversion
mechanism, as introduced in [18]. The box embedding y*
is parameterized by its center coordinates € R¢, an offset
vector € R? that defines its spread in high-dimensional

space. Therefore, its boundary coordinates as well as is
mathematically expressed as:

k
)’%M = (cyk —/+s0ftplus(0yk )) 4)

In box space, the entity mention m is encapsulated
within a box whose volume is denoted as Vol (x), while

the entity type #* is mapped to another box with volume

Vol ( yk ) , both serving as fundamental components of the

embedding model.

Given the learned probability distributions for both
the entity mention and entity type, the classification
process involves computing their joint distribution,
where the intersection between box x and box ¥ serves as
a probabilistic measure of entity mention m belonging to
entity type y* [18].

In high-dimensional box space, the probabilistic
relationship between an entity mention and an entity type
is modeled through the intersection of box x and box %,

denoted as xM yk . The intersection volume provides a

measure of their compatibility, which can be
mathematically formulated as follows:

Vol(xmyk)z

Hmax(O, min(yf,[’i,xM’i)—maX(yZ,i,xm,,-)) %)

1

In the equation Eq. (5), i refers to the i-th
dimension of the high-dimensional box space, which
contributes to the computation of the overall intersection
volume through independent calculations along each axis.

Once the intersection volume between box x and box
" has been computed, the subsequent step is to calculate
the conditional probability that the entity mention m is
associated with the entity type . The conditional
probability is computed as the percentage of toVol(x),

which can be defined as:

Vol(yk mx)

k -
P (D= s

(6)

In Eq. (6), if py (tk) greater the threshold (set to 0.5

in this paper), # is designated as the predicted entity type
for entity mention m. By leveraging this manner, the
classification of an entity mention to its corresponding
entity type is achieved through the relationship between
y* and x. Once the conditional probability is calculated
through Eq. (6), the BCE loss function is applied to
optimization the model:

Lo=- Z ztz{eal log(py(t' |(m,s))+
(m,s)eD 1 ™

+(1 = theg ) log(1 = py (¢ | (m, 5)))
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In Eq. (7), is equal to 0 or 1 to represent whether ¢
is the real entity type of entity mention m, D represents
the whole data.

Up to this stage, the paper has explained how to
the model the FGET as well as UFET within the
framework of box space in detail. The following section
details how the adaptive IoU module incorporates the
influence of entity types and how the distance-based
module works in box space.

3.3 The Adaptive loU Module

In this work, an adaptive loU module is proposed
to account for the influence of entity types within the
context of FGET and UFET. Due to the fact that in box
space, entity types located in varying hierarchical levels
or entity types with different granularities correspond to
different sizes of boxes (entity types close to the root node
or coarse-grained entity types correspond to larger boxes,
and entity types farther away from the root node or fine-
grained entity types correspond to smaller boxes, this
phenomenon is caused by FGETs and UFETs themselves).
The adaptive IoU module discussed in this paper allows
the model to self-adjust and learn how different entity
types influence its output, thus strengthening the
model's effectiveness in handling fine-grained entity
types. In the context of FGET and UFET, where fine-
grained entity types contain more detailed and diverse
information, they are essential to improving the overall
performance of the model.

In order to achieve the above objective, this paper
first considers a traditional IoU module, which can be
represented as follows:

Vol(y" mx)

®)

Prov = Vol(yk)-i-Vol(x)—Vol(yk r\x)

Although Eq. (8) explores the integration of entity
types in box space via an adaptive IoU-based module, it
is notin a way designed to take into account the
relationship between the box associated with an entity
type as well as the box associated with an entity
mention. In FGET and UFET, an entity type tends to
have many entity mention corresponding to it. This
results in the box linked to the entity type typically
being larger than the box linked to the entity mention.
Consequently, Eq. (8) causes a stronger influence from the
entity type and a weaker influence from the entity
mention. To mitigate the limitations of Eq. (8), this
study presents a redesigned adaptive IoU module, as
described below:

Vol(yk mx)

)

Patov = Vol(yk)+Vol(x)—Vol(yk mx)

As shown in Eq.(9), the influence of entity type is
introduced in box space skillfully.

In comparison with Eq. (6), Eq. (9) incorporates the
influence of the box corresponding to ¢* through the

addition of aVol ( yk). In order to restrict the output

to the range [0, 1], Vol( yk ﬁx) is incorporated into the

denominator in Eq. (9). Therefore, Eq. (7) is employed
to calculate the value associated with Eq. (9), and its
value is defined as L, -

It can be seen from Eq. (9), Eq. (9) tends to yield
larger values for fine-grained entity types, which is in
line with the objective of fine-grained entity types
delivering more comprehensive information for
downstream applications. The above analysis also fully
demonstrates the theoretical justification of Eq. (9).

3.4 The Adaptive Distance Module

The adaptive distance module proposed in this
paper isused to optimize two boxes exactly when they
are completely overlapped or separated. It is worth to
be noticed that the adaptive distance module proposed
in this paper will make the two boxes to be close to each
other within a certain range, instead of making the
distance between the two boxes is 0.

The proposed adaptive distance module in this
paper firstly needs to calculate the relative distance
between the centroids of the two boxes, which is
mathematically formulated as:

L d, (cx,cyk) (10)

' d, (yk ux)

In Eq. (10), d, (cx,c « ) denotes the distance between
y

the centroids of the two boxes, d, ( y ux) denotes the

distance between the two most distant vertices of the two
boxes. The purpose of this is to ensure that the distance is
not too large or too small.

The above formula does not carry out the
corresponding optimization when the distance is
calculated, which could result in the distance between the
two boxes converging to 0. To address the limitations of
the aforementioned Eq. (10), this paper proposes an
adaptive distance module, which can be specifically
described as:

d -p, if d >
d = : (11)
0, ifd <p

where £ is a threshold value used to modulate the distance
between the two boxes.

For computational convenience, this paper denotes
the loss generated by the proposed adaptive distance
module as P;, which can be expressed as:

Pd :l_drr (12)

Accordingly, Eq. (7) can be employed to compute
the value associated with Eq. (10), expressed by Ly, .

Tehnicki viesnik 32, 4(2025), 1429-1439

1433



Feng WANG, YiXiu QIN: Entity Type-Aware Ultra-Fine Entity Typing with Adaptive Distance Optimization

3.5 Multi-Objective Optimization Function

In order to combine the adaptive IoU module as well
as the adaptive distance module proposed in this paper,
both modules are used as optimization objectives for
joint optimization with the classification module in this
paper. In order to achieve the above objective, the
optimization objective of this paper can be expressed as:

Lgna =L + ALy oy +11Lgp (13)

where A and 7 in Eq. (13) are two tunable hyperparameters
designed to balance the relative contributions of various
modules.

Through the multi-objective optimization function
of Eq. (13), the two modules proposed in this paper are
effectively integrated into the classification model while
maintaining the computational efficiency.

4 EVALUATION

This section validates the effectiveness of ETUT
through comparisons with SOTA baselines on the FGET
and UFET datasets. Additionally, ablation studies are
conducted to evaluate the impact of each individual
module proposed in this paper.

4.1 Datasets and Evaluation Metrics
4.1.1 Datasets

This work validates the proposed approach on
commonly used FGET dataset and UFET dataset,
including the Ultra-Fine Entity Typing (UFET) as well as
the OntoNotes dataset (FGET). To maintain fairness in
comparisons, the training, development, and test set
divisions are consistent with those in previous approaches
[18, 48].

UFET. Focuses on ultra-fine entity typing, predicting
10k+ free-form phrases (e.g., "skyscraper") for mentions in
text. Uses head-word distant supervision and
crowdsourced validation for high-precision, open-domain
semantic understanding.

OntoNotes. A multi-task corpus for NER, POS
tagging, and parsing. Annotates traditional entities (e.g.,
PERSON, LOC) with structured labels, serving as a
benchmark for sequence labeling and syntactic tasks across
genres.

4.1.2 Evaluation Metrics

As outlined in [18, 48], distinct evaluation metrics are
applied based on the different dataset. For evaluating the
UFET dataset!, macro-precision, macro-recall, as well as
macro-F1 are employed. Comparisons are conducted with
baseline models on both the development and test sets [19,
41, 48] for the UFET dataset. Accuracy, macro-F1, and
micro-F1 are adopted as the evaluation metrics for the
OntoNotes dataset [25, 48, 49].

The formal definitions of Micro F1, Micro F1 and
Accuracy are given as bellow.

! https://github.com/nlpAThits/hyfiAThits/hyfi

N
Accuracy = %Zl (Tl = 7;) (14)
i=1

In Eq. (14), N denotes the total data, T,»' denotes the
predicted labels, T; denotes the real labels. And /(x) is an
indicator function used to determine whether two
expressions are equal, which can be formally expressed as:

I(x)z{ LoAr L =1, (15)

0, othrerwise

Macro F'; as well as Micro F; are variations of Fy,
both representing the harmonic average of recall and
precision, with the key difference that precision and recall
are calculated differently. And the calculation of F'; can be
formalized as:

_ 2*recall* precision

(16)

recall + precision

The recall and precision in macro F; can be
mathematically formulated as:

Ry

recall :Wg’ T (17)
1Y ‘T{ﬁTi‘

precision = —z (13)
N3 i

And the recall and precision in micro F; can be
mathematically formulated as:

|
recall = z_:T‘ ‘ (19)
i=1]"
1 Zl‘Ti'mTi‘ (20)
recall = ———————————
>l

4.2 Comparison of Baselines and Hyperparameter Settings
4.2.1 Comparison of Baselines

In this work, ETUT is evaluated on the FGET and
UFET dataset by benchmarking it against the following
baselines:

LabelGCN [4]. LabelGCN incorporates a
convolutional layer into the output of the LSTM to model
potential relationships among entity types.

NFETC-CLHLS [17]. Xu et al. emphasize that
"clean" datasets used in existing FGET are not entirely
noise-free. Their solution involves employing a
structured curriculum learning approach in three stages
to refine FGET model training.
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LRN [49]. LRN adopts inductive and deductive
reasoning for intrinsic and extrinsic dependencies among
entity types. It uses an LSTM-based auto-regressive
network to model extrinsic dependencies and a bipartite
attribute graph to capture intrinsic ones.

NFETC [23]. NFETC is an essential method in
FGET, offering a novel feature representation for entity
mentions. By combining partial label loss with hierarchy-
aware loss, it efficiently captures the type hierarchy in
FGET.

UFET [19]. The UFET model, which first introduced
the UFET dataset, utilizes LSTM as well as convolutional
neural network. The assignment of entity mentions to
entity types is determined by the inner product of their
representations. At the end, a modified objective function
is used to address entity type imbalance.

NFETC-SSL [43]. Xu et al. identify persistent
challenges in FGET datasets, including confirmation bias
in noisy data and false positives in clean data, de- spite
previous segmentation efforts. Their proposed semi-
supervised solution incorporates mixed label smoothing
and pseudo-labeling for improved accuracy.

BOX4Types [18]. BOX4Types captures relationships
between entity types in box space, even when no type
hierarchy is available. BOX4Types leverages bert-large as
an encoder for feature extraction. For comparison with
other types of methods, BOX4Types implements two
methods for FGET: BOX4Types-box as well as
BOX4Types-vector.

HY XLarge [22]. HY XLarge employs a hyperbolic
model to infer the latent type hierarchy and classify
entity mentions into entity types within hyperbolic space.

Onoe et al. (ELMo) [18]. Onoe et al. [43] introduced
an approach to mitigate label noise by employing filter
and relabel modules. The filter module discards
excessively noisy labels, while the relabel module
reassigns accurate labels to the filtered data.

NPCREF [11]. To effectively explore and capture the
intricate relationships between entity types, NPCRF
utilizes an advanced approach known as the neural
pairwise conditional random field, which enhances the
modeling of interactions and dependencies among entity
types.

The baseline models selected in this work span a
broad spectrum of approaches in fine-grained and ultra-
fine entity typing. These include:

e Traditional vector-based methods (e.g., NFETC,
UFET-biLSTM), which serve as foundational models
for FGET and UFET.

e Label noise robust models (e.g., NFETC-CLHLS,
NFETC-SSL, Onoe et al. 2019), which are relevant
given the noisy annotation settings in UFET datasets.

e Hierarchy-aware or structure-enhanced methods (e.g.,
LRN, Chen et al. 2022), which utilize type
dependency or structural information to improve
classification, aligning with ETUT's attention to entity
type relations.

e Box embedding-based methods (e.g., BOX4Types),
which are the most directly comparable to ETUT, as
they also operate in high-dimensional box space.
ETUT is designed as an improvement over such
methods by introducing adaptive IoU and distance
modules.

e Hyperbolic models (e.g., HY XLarge), which aim to
capture latent type hierarchies without requiring
explicit structure - similar in motivation to ETUT, but
differing in representation space.

By including these representative baselines, we aim to
ensure that ETUT is evaluated against a diverse and
comprehensive set of relevant models, covering multiple
perspectives on the FGET and UFET tasks.

4.2.2 Hyperparameter Settings

Due to the fact that the number of entity types varies
significantly across different datasets, the influence of
the two proposed modules are not uniform. Therefore,
hyper-parameters are used to control their influence on
different datasets. In order to enable researchers to have a
quick understanding of the hyperparameters of this
paper, this paper summarizes the hyperparameters used in
this paper, the specific hyperparameters for different
dataset are shown in Tab. 1.

Table 1 Hyperparameter settings
Hyperparameters UFET original OntoNotes
o 0.02 10
B 0.0005 0.002
A 0.002 0.005
n 0.01 0.0005
Batch size 32 32

This work utilizes roberta-base as the encoder for
feature extraction, and utilizes the Adam optimizer for
model optimization. The hyperparameters are tuned
artificially one by one in this work, rather than being
selected via hyperparameter search as previous work [18,
45].

The hyperparameter settings for the ETUT model are
carefully adjusted based on the characteristics of each
dataset. Specifically, a and § control the contribution of the
adaptive IoU and distance modules, respectively. Since the
UFET dataset lacks an explicit type hierarchy and contains
a large number of fine-grained labels, we use relatively
smaller values for a and £ (0.02 and 0.0005) to prevent
these modules from dominating the optimization process.
Conversely, for the OntoNotes dataset, which includes a
clearer hierarchical structure and more balanced label
distribution, higher values for a and # (10 and 0.002) allow
the model to make fuller use of the structural information
and distance-based refinement.

We adopt a manual tuning strategy instead of grid or
automated search, aiming to balance performance with
training stability. The tuning process is guided by
development set performance and prior findings in related
work such as BOX4Types [18] and Pan et al. [45], ensuring
fairness in comparison while aligning with practical
implementation needs.

4.3 Experimental Results on Various Datasets
4.3.1 Experimental Results on the UFET Test Set and
Development Set

a) Experimental results on the UFET test set

In Tab. 2, the macro precision, macro recall, and macro
F1 scores for the UFET test set are presented, offering
a comparative performance overview of various
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approaches. The experimental results on the UFET test
set shown in Tab. 2 demonstrates that ETUT achieves
the highest

Table 2 Macro precision/recall/F1 results on the UFET test set

Model Macro precision | Macro recall | Macro F1
Label GCN 50.3 29.2 369
UFET-biLSTM 47.1 24.2 32.0
BOX4Types (vector) 53.0 36.3 43.1
BOX4Types (box) 52.8 38.8 44.8
LRN 54.5 38.9 454
Onoe et al. (2019) (ELMo) 51.5 33.0 40.2
* NPCRF 50.8 43.0 46.6
ETUT 62.2 394 48.3

The best results have been clearly emphasized using
bold to distinguish them from other values.

A few publications did not provide the names of their
methodology, so in this work, the methods are represented
by the format "author name (year)" to clarify the source of
each method.

"*" indicates that results are recapitulated using the
primal parameters provided in their publication.

Table 3 Macro precision/recall/F1 results on the UFET development set

Model Ma.cr.o Macro recall | Macro F1
precision

LRN 53.7 38.6 449
UFET-biLSTM 48.1 232 313
HY XLarge 434 34.2 38.2
t Label GCN 49.3 28.1 35.8
BOX4Types (box) 52.9 39.1 45.0
BOX4Types (vector) 533 36.7 43.5
* NPCRF 51.1 42.4 46.4
Onoe et al. (2019) (BERT) 51.6 32.8 40.1
Onoe et al. (2019) (ELMo) 50.7 33.1 40.1
ETUT 60.9 40.1 484

The ¢ symbol signifies that the data are derived from
the paper of Lopez et al. [25, 48].

Macro-F1 score among all approaches on the UFET test
set. ETUT demonstrates a substantial enhancement in
terms of macro recall as well as macro precision when
compared to other approaches. When compared to box-
based UFET approaches, ETUT demonstrates notable
enhancement in terms of macro recall as well as macro
precision, ultimately achieving superior macro FI
performance over BOX4Types (box). The above
experimental results indicates that ETUT effectively
addresses the inherent limitations of box-based UFET
approaches as well as box-based FGET approaches, which
also emphasizes the usefulness of the ETUT pre- sented
in this work.

b) Experimental results on the UFET development
set

As for the UFET dataset, initially introduced by
Choi et al. [19], was constructed using a combination of
manual annotation, entity linking, and head-word
extraction techniques to ensure data quality. To
comprehensively validate the influence of individual
techniques on data quality, Choi et al. [19] employed the
UFET development set for rigorous evaluation. Following
this framework, later research [18, 25] adhered to this
approach to maintain consistency in evaluation and
facilitate meaningful comparisons. In order to ensure
fairness and validity, this paper incorporates results from
the development set of UFET, enabling a comprehensive

evaluation of experimental performance. In Tab. 3, a
thorough examination of the experimental results on the
development set of UFET is displayed.

The experimental results in Tab. 3 clearly illustrate
that ETUT achieves superior performance over all
baseline methods, as evidenced by its higher macro F1
score. ETUT achieves notable improvements in both
macro-recall and macro-precision compared to other
methods, highlighting its overall performance and
effectiveness.

The experimental results from both the development
set and the test set of UFET clearly show that the ETUT
achieves superior performance, which strongly supports
the effectiveness of ETUT on the UFET dataset.

4.3.2 Experimental Results on the OntoNotes Dataset

The performance of ETUT on the UFET dataset has been
verified in previous experiments. The following
experiments will focus on evaluating the performance
ETUT on other FGET datasets, such as the OntoNotes
dataset.

Tab. 4 summarizes the results of the experiments for
the OntoNotes dataset. As shown in Tab. 4, ETUT
demonstrates superior performance, achieving the highest
micro F1 as well as macro F1. Notably, ETUT presented in
this paper achieves remarkable improvements in micro F1
as well as macro F1, surpassing latest method. The above
experimental results on UFET as well as OntoNotes
indicate ETUT works well across datasets regardless of
whether the dataset has an explicit type hierarchy or not.

Table 4 Accuracy, Macro F1 and Micro F1 results on the OntoNotes dataset

Model Accuracy Macro F1 Micro F1
LRN 56.6 77.6 71.8
AFET 55.1 71.1 64.7
Chen et al. (2020) 58.7 73.0 68.1
Chen et al. (2022) 59.2 76.5 71.0
BOX4Types (box) - 773 70.9
BOX4Types (vector) - 76.2 68.9
Onoe et al. (2019) (BERT) 51.8 76.6 69.1
ETUT 59.6 80.6 72.6

4.4 Ablation Study on the UFET Dataset and OntoNotes
Dataset
4.4.1 UFET Dataset Ablation Study

To evaluate the individual contributions of each
module to the overall effectiveness of our approach, this
paper conducts comprehensive ablation studies on two
datasets. These experiments systematically remove
specific components to analyze their influence on the
behavior of the presented methodology.

Tab. 5 presents the experimental results of the ablation
study on the UFET dataset, which provide a
comprehensively analysis of the distinct contributions
of individual modules to the overall performance. The
results from the experiments indicate that each proposed
module  contributes  significantly to  enhancing
performance metrics when applied independently.
Furthermore, the integration of the two modules not only
enables smooth interaction but also capitalizes on their
unique and complementary strengths, this greatly
improves performance.
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Table 5 UFET dataset ablation study

Model Macro precision | Macro recall | Macro F1
ETUT w/o (LD + LaloU) 63.9 36.6 46.5
ETUT w/o LD 624 38.5 47.6
ETUT w/o LoloU 63.7 383 47.8
ETUT 62.2 394 48.3

In each row, we remove a single module. The term
w/o" indicates the deletion of the relevant module
according to the ETUT model.

"

Table 6 OntoNotes dataset ablation study

Model Accuracy Macro F1 | Micro F1
ETUT w/o (LD + LaloU) 58.7 79.9 71.7
ETUT w/o LD 59.1 80.3 724
ETUT w/o LaloU 594 804 72.1
ETUT 59.6 80.6 72.6

4.4.2 OntoNotes Dataset Ablation Study

Beyond the ablation study performed on the UFET
dataset, this paper further investigates the proposed
approach by performing ablation study on the OntoNotes
dataset, which further verifies the robustness as well as
generalizability of ETUT. Tab. 6 shows specifically the
results of the ablation study on the OntoNotes dataset.

The results presented in Tab. 6, provide a compre-
hensive assessment of the impact of each module on our
methodology. Experimental results suggest that ETUT
attains a well-balanced performance between accuracy,
macro F1 and micro F1, underscoring its ability to perform
consistently well across different performance metrics.

5 CONCLUSION

This paper introduces Entity Type-aware Ultra-fine
Entity Typing with Adaptive Distance Optimization
(ETUT), which is a new methodology that addresses key
challenges in fine-grained entity typing as well as ultra-
fine entity typing. ETUT method incorporates two
adaptive modules: one that senses the entity type, and
another that enhances model training, and both can lead to
improved performance. The effectiveness of these modules
is verified by the results of the experiments presented in
this paper.

In future work, we plan to explore several promising
directions. First, we aim to further enhance the adaptive
modules by incorporating external knowledge sources,
such as structured knowledge graphs, to refine entity type
representations. Second, extending ETUT to multilingual
or cross-lingual entity typing tasks could significantly
broaden its applicability. Third, we are interested in
investigating how ETUT can be integrated with large
language models (LLMs) to improve zero-shot or few-shot
entity typing. Finally, future research could explore how to
automatically learn or refine latent type hierarchies from
data, making the model more interpretable and adaptive to
new domains.
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