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Abstract

Open intent classification is critical for the development of di-
alogue systems, aiming to accurately classify known intents
into their corresponding classes while identifying unknown
intents. Prior boundary-based methods assumed known in-
tents fit within compact spherical regions, focusing on coarse-
grained representation and precise spherical decision bound-
aries. However, these assumptions are often violated in prac-

tical scenarios, making it difficult to distinguish known in-
tent classes from unknowns using a single spherical bound-
ary. To tackle these issues, we propose a Multi-granularity
Open intent classification method via adaptive Granular-Ball
decision boundary (MOGB). Our MOGB method consists of
two modules: representation learning and decision boundary
acquiring. To effectively represent the intent distribution, we
design a hierarchical representation learning method. This in-
volves iteratively alternating between adaptive granular-ball
clustering and nearest sub-centroid classification to capture
fine-grained semantic structures within known intent classes.
Furthermore, multi-granularity decision boundaries are con-
structed for open intent classification by employing granular-
balls with varying centroids and radii. Extensive experiments
conducted on three public datasets demonstrate the effective-
ness of our proposed method.

Code — https://github.com/Liyanhuaa/MOGB

Introduction

The identification of user intent is critical for dialogue sys-
tems, especially as individuals increasingly rely on these
systems to support both daily activities and professional
tasks. In real-world applications, dialogue systems often en-
counter intents from unknown (open) classes that they have
not seen during training, resulting in their inability to han-
dle these intents effectively (Zheng, Chen, and Huang 2020).
To address this, open intent classification aims to classify
known intents while identifying unknown intents (Shu, Xu,
and Liu 2017).
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Figure 1: (a) Previous boundary-based methods struggle to
learn a boundary for open intent classification by balancing
open space risk and empirical risk. (b) Our proposed Multi-
granularity decision boundary can effectively eliminate both
two risks.

Recent researches endeavor to develop effective methods
to tackle the issue of open intent classification. Early meth-
ods (Jain, Scheirer, and Boult 2014; Hendrycks and Gimpel
2022) focused on establishing a K-class classifier and de-
termining whether a sample belongs to unknowns by check-
ing if its maximum probability exceeds a certain threshold.
Due to the overfitting of deep learning approaches (Guo
etal. 2017), K -class classifiers tend to overconfidence about
known intent classes and are prone to misclassifying un-
known intents as known ones. To overcome this limita-
tion, some studies train a K+1 classifier directly, leveraging
pseudo-unknown data to represent the open intents (Zheng,
Chen, and Huang 2020; Cheng et al. 2022).

In recent years, boundary-based methods (Zhang, Xu,
and Lin 2021; Zhang et al. 2023a; Yang et al. 2022) have
been proposed to learn specific decision boundaries be-
tween known intents and unknowns. These methods often
involve two stages, i.e. representation learning and bound-
ary learning. They mainly focused on learning more accu-
rate decision boundaries to balance open space risk (clas-
sify unknowns as known) and empirical risk (classify known



as unknowns). Initially, Zhang et al. (Zhang, Xu, and Lin
2021) acquired feature inputs through softmax-based repre-
sentation learning and obtained adaptive decision boundary
(ADB) for each known intent class. Following this work, Liu
et al. (Liu et al. 2023) designed a K-center contrastive learn-
ing algorithm to learn discriminative intent representations
and proposed adjustable boundary learning by expanding or
shrinking the initial decision boundary. Zhang et al. (Zhang
et al. 2023a) learned distance-aware intent representations
and tight adaptive decision boundaries to improve open in-
tent detection.

Existing boundary-based methods (Zhang, Xu, and Lin
2021; Zhang et al. 2023a) implicitly assumed the features
of known intents distributed in a compact spherical region,
while intents lying outside this distribution are regarded as
open intents. It means that open intents do not exist within
the distribution of a single known intent class and only ap-
pear between different known intent classes. However, as
illustrated in Figure 1 (a), in real-world situations, known
intents do not consistently adhere to a compact spherical
distribution and open intents can exist between or within
the distribution of known intents (named inter-open intents
and intra-open intents). The investigation of Gaussian Hy-
pothesis Testing concerning known intents distribution, as
presented by Zhou et al. (Zhou, Liu, and Qiu 2022), re-
vealed that merely 57% of the known intents within the
CLINC-FULL dataset conform to the Gaussian assumption.
This finding further implies that the assumption of a spher-
ical feature distribution is unreasonable. When dealing with
non-spherical intent distributions, it is difficult to distin-
guish known intents from unknowns using just one decision
boundary. Furthermore, the open space risk resulting from
intra-open intents can never be eliminated, regardless of how
to adjust the boundary, as shown in Figure 1 (a).

In this paper, we propose a new straightforward but pow-
erful solution: exploring the patterns within each known in-
tent class, dividing intents into multiple sub-parts, and estab-
lishing decision boundaries for each sub-part, as illustrated
in Figure 1 (b). This solution offers two benefits over ear-
lier boundary-based methods. On the one hand, having sev-
eral sub-parts can more accurately reflect the actual distri-
bution of known intent classes. On the other hand, it creates
fine-grained decision boundaries that can more efficiently
exclude intra-open intents, reducing the open space risk.

In light of this, the following three challenges come to this
paper: (1) How to divide each known intent class into mul-
tiple sub-parts that accurately reflect the intent distribution?
(2) How to learn discriminative representations that capture
different semantic aspects within class, facilitating the di-
vision of known classes into sub-parts? (3) How to obtain
decision boundaries for these sub-parts within each known
intent class?

To solve these challenges, we propose a Multi-granularity
Open intent classification method via adaptive Granular Ball
decision boundary (MOGB). Our MOGB method consists
of a hierarchical representation learning module and a de-
cision boundary acquiring module. For challenge (1), in-
spired by granular-ball computing (Xia et al. 2023), we pro-
pose a hierarchical representation approach through adaptive
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granular-ball clustering, which reflects intent distribution
using multiple granular-balls with varying sizes. For chal-
lenge (2), the nearest sub-centroid classifier is proposed to
learn discriminative representations, with the loss function
encouraging each intent to move closer to its semantically
closest sub-centroid. In the training of hierarchical repre-
sentation learning, the adaptive granular-ball clustering and
nearest sub-centroid classification are iteratively conducted
to mutually complement each other, facilitating the acqui-
sition of discriminative representations. For challenge (3),
we propose multi-granularity decision boundaries through
granular-balls with varying radii and sub-centroids to dis-
tinguish the known and open intents. Our contributions are
summarized as follows:

* We propose the hierarchical representation learning
method, which adaptively reflects intra-class structure
and intent distribution via granular-ball clustering.

We propose the nearest sub-centroid classifier to acquire
discriminative representations by gathering intents to its
semantically nearest sub-centroid.

We design multi-granularity decision boundaries for each
known intent class to facilitate open intent classification,
which provides a new way to solve this question.

Related Work
Open Intent Classification

Recognizing the intent behind user interactions is crucial in
dialogue systems, as they aim to understand users’ potential
requirements. Most classification models currently work un-
der the closed-world assumption, which may not align with
real-world systems functioning in open settings. Such sys-
tems often face queries that fall outside the supported in-
tents, referred to as out-of-domain queries. With the preva-
lent of dialogue systems, there has been an increasing em-
phasis on identifying open intents in recent times (Zhou, Liu,
and Chen 2021; Zhan et al. 2021; Parmar et al. 2023; Yan
et al. 2020; Zhang et al. 2021).

Existing open intent classification methods can be cate-
gorized into two primary groups. The first group involves
directly training a classifier with K'+1 classes, with an extra
class representing the open intent (Zheng, Chen, and Huang
2020). The second group of methodologies focused on out-
lier detection algorithms, which can be categorized into two
main subtypes: probability-based and decision boundary-
based approaches. Probability-based methods use a pre-
defined threshold to determine if a sample represents an
open intent (Shu, Xu, and Liu 2017). Boundary-based ap-
proaches (Zhang, Xu, and Lin 2021; Liu et al. 2023; Zhang
et al. 2023a) have been developed to overcome the limita-
tions of probability-based methods, which struggle to es-
tablish a distinct boundary between known classes and un-
knowns.

However, current boundary-based approaches assume that
the feature distribution of known intents is within a compact
spherical region, but this is not always the case in reality.
In addition, the single decision boundary they established
includes intra-open intents, increasing the open space risks.



Granular-ball Computing

Building on the human cognitive mechanisms of “macro
first” (Chen 1982) and multi-granularity cognitive compu-
tation (Wang 2017), Xia et al. (Xia et al. 2019) proposed
granular-ball computing, which is efficient, robust, and in-
terpretable. It adheres to a hierarchical rule of progressing
from coarse-grained to fine-grained. In granular-ball com-
puting, varying sizes of granular-balls are adaptively gener-
ated to depict data distribution. Each granular-ball is defined
by a centroid and a radius, with the centroid representing
the mean of all object vectors within the ball and the radius
determined by the average distance of objects from the cen-
troid. The effectiveness of this self-supervised data-covering
method has been empirically validated (Xie et al. 2024c¢),
and it has demonstrated successful applications in address-
ing diverse challenges within the field of Al (Liu et al. 2024;
Wang et al. 2024a,b).

Current granular-ball computing methods encompass
granular-ball classification (Xia et al. 2024b; Quadir and
Tanveer 2024), granular-ball clustering (Xie et al. 2024a,b),
granular-ball three-way decision (Yang et al. 2024; Xia et al.
2024a), and granular-ball rough sets (Xia et al. 2020, 2023;
Zhang et al. 2023b). Furthermore, several applications have
demonstrated the effectiveness of granular-ball representa-
tion, such as granular-ball representation in text adversarial
defense (Wang et al. 2024a), label noise combating (Wang
et al. 2024b), feature selection (Cao et al. 2024), and deep
reinforcement learning (Liu et al. 2024).

In summary, granular-ball computing is an effective way
to discover the structure of arbitrary data distribution, with
the radius of the granular-ball serving as a natural decision
boundary for open classification. Despite this, there remains
a notable absence of research applying granular-ball com-
puting to the specific domain of open intent classification.
Our MOGB method will employ granular-ball clustering
to achieve hierarchical representation and establish multi-
granularity adaptive decision boundaries.

Our Methodology

Problem Statement and Model Overview
Problem Statement Given a dataset S = {(u;,v:)}Y,
consisting of N intents, where each pair (u;,y;) repre-
sents an intent x; and its corresponding label y;. The labels
yi € {1,---, K, K 4+ 1} can be divided into two categories:
Iknown = {1, , K} denotes a set of known intent labels
with K representing the number of known intent classes,
while Iynknown = K + 1 is used to label unknown (open)
intents. During training and validation, only samples associ-
ated with known intents are utilized. In contrast, the testing
dataset includes both known and open intents, and we need
to classify the known intents into their respective classes and
identify open intents as unknowns.

Model Overview Our proposed MOGB method consists
of two modules: hierarchical representation learning and de-
cision boundary acquiring. In module 1, the hierarchical
representation of each known intent class is obtained via
adaptive granular-ball clustering, as depicted in Figure 2
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(a). Subsequently, we learn discriminative representation by
the nearest sub-centroid classifier, as shown in Figure 2 (b).
The iterative process of granular-ball clustering and near-
est sub-centroid classification during training mutually re-
inforce each other to obtain discriminative representations.
In module 2, multi-granularity decision boundaries are con-
structed for open intent classification, as illustrated in Fig-
ure 2 (c).

Hierarchical Representation Learning

In this section, the BERT pre-trained model is employed for
feature extraction, followed by adaptive granular-ball clus-
tering and the nearest sub-centroid classifier.

Feature Extraction Utilizing the pre-trained BERT
model (Kenton and Toutanova 2019), we extract token em-
beddings [CLS, Ty, Ty, ..., Ty] € RMFDXH from the fi-
nal hidden layer to represent each intent ;. Here, M rep-
resents the sequence length and H denotes the embedding
dimension. Following previous studies (Zhang, Xu, and Lin
2021), a mean pooling operation is applied to these embed-
dings in order to construct a semantic representation of each
sentence denoted as z;; € R¥:

x; = MeanPooling([CLS, Ty, Ty, ..., Tar]), (1)

where C'LS acts as a classification token. To further enhance

the feature extraction process, x; is subsequently passed

through a dense layer h, transforming the representation to
D

zi € R™:

zi = h(z;) = ReLU(Wpz; + by), 2

where D denotes the dimension of the intent representation,
Wy, € RIXP and b, € RP represent the weight and bias
parameters of the dense layer h, respectively.

Adaptive Granular-ball Clustering In order to accu-
rately represent the true distribution of the known intent
class and mitigate open space risk associated with intra-
open intents, we need to group the known intent class into
sub-classes that reflect inherent patterns within the class.
Although conventional class-wise clustering methods can
partially reveal data structure, their predefined cluster num-
ber setting limits the exploration of diverse patterns within
each class. Granular-ball clustering is an efficient and adap-
tive clustering method to represent the true data distribu-
tion (Xia et al. 2021). Motivated by it, we represent the intent
distribution using granular-balls generated through adaptive
granular-ball clustering, as shown in Figure 2 (a), which
eliminates the necessity for specifying cluster numbers.

The basic definitions of the granular-ball are introduced
as following (Xia et al. 2021):

Definition 1. Given a dataset of intents Z = {(z;,y;) | i =
1,2,..., N} consisting of N feature representations z; and
their corresponding labels y;, we have a set of granular-
balls denoted as G = {gb1,gba,...,gb,} generated on
the dataset, where m denotes the number of granular-balls.
Each granular-ball gb; = {(z;,v;) | ¢ = 1,2,...,n;} rep-
resents a distinct subset containing n; intents. The funda-
mental components of each granular-ball include sample
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Figure 2: The architecture of MOGB. In the hierarchical representation learning module, we generate granular-balls on all
known intents via adaptive granular-ball clustering and then use the nearest sub-centroid classifier to learn representation. In
the boundary acquiring module, multi-granularity decision boundaries are established.

count n;, centroid Oj;, radius r;, label /;, and purity p;.
The centroid of gb; is computed as the average represen-
tation O; = - 371", z;. The radius of gb; is determined
by calculating the average distance between all samples and
the centroid: r; % Sorii |z — Oy], where ||z; — O]
denotes the Euclidean distance between z; and O;. The la-
bel [; assigned to granular-ball gb; corresponds to the class
that contains the highest number of samples within it. Pu-
rity p; indicates the proportion of samples labeled with /; in
granular-ball gb;.

The input of the clustering includes all representations
Z = {(zi,y;) | i = 1,2,...,N} from different known
intent classes. Adaptive granular-ball clustering is an itera-
tive process to split granular-balls. First, the representations
Z are initialized as a single granular-ball. Subsequently, the
granular-balls that satisfy the split conditions undergo split-
ting (conditions described below). The process terminates
when all granular-balls can no longer be further split.

To control the splitting process effectively, we set the con-
dition of purity limit p; and sample count limit n;. Specif-
ically, for a granular-ball gb; with purity p; and sample
count ny, if p; < p; and n; > ny, the granular-ball will
be split further until either p; > p; or n; < n;. During
the splitting phase, the granular-ball with a unique class la-
bel set L; will be split into |L;| new granular-balls, where
L; = unique({y;|(zi,y:) € gb;}). To achieve this division
accurately, one intent from each unique class within the orig-
inal granular-ball is randomly selected as a pseudo centroid
for creating a new granular-ball. Subsequently, other intents
are assigned to their closest respective new granular-balls
based on their Euclidean distances from pseudo centroids.

The adaptive granular-ball clustering algorithm produces

a set of granular-balls denoted as G = {gb1, gbs, . .., gbm },
where each granular-ball gb; (j = 1,---,m) is assigned
alabel I; € Ixnown = {1,---,K}. To eliminate outliers

and prevent overfitting, we select high-quality granular-balls
with purity p; above p; and sample count n; more than n; to
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represent known intents. Each known intent class ¢ € Ixnown
corresponds to a number of n. granular-balls labeled with
¢, where n, = count(l; = ¢), and % n. = m. The
granular-balls representing class ¢ are denoted as {gbS}o< ,,
where gb¢ represents the s-th granular-ball with label c. The

collection of all these granular-balls { gbg}fﬁ“l reveals the

detailed structure of the distributions for all known intents.
Nearest Sub-Centroid Classifier The effectiveness of
adaptive granular-ball clustering is highly dependent on the
quality of representation. Therefore, it is necessary to ob-
tain discriminative representations that reflect the semantic
structure of known intent classes. However, previous cross-
entropy loss-based (Zhang, Xu, and Lin 2021) or contrastive
loss-based (Liu et al. 2023) representation learning methods
treat each class as an entity, failing to explore patterns within
the class. To this end, we propose the nearest sub-centroid
representation learning method to gather similar semantics
and separate dissimilar semantics, as shown in Figure 2 (b).
According to the granular-balls {gb¢}:"

c,s=1°
their centroids as {O¢} %™ | where O¢ denotes the s-th sub-
centroids of class c. These sub-centroids serve as the infor-
mative properties of known intents. In the classification of
representation learning, the distances from test intent to all
sub-centroids are calculated as follows:
dis (zi,0) 2 O 3)
PO = Taogr
where ||z;|| and ||O¢|| denote the Euclidean norm vectors
of z; and OS. We assign the label of test intent z; cor-
responding to the label of the sub-centroid closest to z;.
Concretely, if dis (z;, OC.) denotes the minimum distance
among dis (z;, OF), the predicted label of z; is ¢*. The clas-
sifier rule is elaborated as follows:

we compute

i:{17"'7N}5

dis(z;,0%). (4)

arg min
ce{l,...,K},se{l,...,n.}
Based on the classifier provided, the training loss associ-
ated with the nearest sub-centroid representation learning is

g’i = C*a (0*73*) =



shown as follows:

N
Ly = Z log p(yi|zi), Q)
p(ul2) = exp (— min ({dis (z, Oy>}:”1)) )

SR exp (— min ({dis (z,09)}7<,))

During hierarchical representation learning, adaptive
granular-ball clustering produces informative sub-centroids
and the nearest sub-centroid classifier optimizes the repre-
sentation by adjusting the arrangement between intents and
sub-centroids. The improved representation subsequently fa-
cilitates the identification of more informative sub-centroids.
In summary, the two steps iteratively complement each
other, eventually benefiting the open intent classification.

Multi-Granularity Decision Boundary in Inference
In our MOGB method, pairs of centroids and radii

{08, r¢ fi,"cl generated from training data of known intents
are dlrectly employed to construct multi-granularity deci-
sion boundaries for each class.

In inference, the distances between test sample z; and all

sub-centroids {O;’}f;i“l are first calculated as dis(z;, O%).
Then, we compare each dis(z;, O¢) with its corresponding
radii {rg}fg:l to make open classificatioin. If the test sam-
ple falls outside all multi-granularity boundaries, we clas-
sify it as unknown. Otherwise, the sample is predicted as
the same class as the nearest sub-centroid that satisfies the

distance condition. The inference rule is formulated as:

unknown, if dis(z;, OS) > r¢, V¢ € Iknown;

arg min dis{z;, O%), Otherwise.
c€ Iknown,dis(z;,05) <re

Yi =

(N

Intuitively, compared to existing boundary-based meth-

ods that include two training processes, our MOGB method

can simultaneously learn representation and acquire deci-
sion boundaries with just one training.

Experiments
Datasets

In accordance with prior studies (Zhang, Xu, and Lin 2021;
Zhang et al. 2023a), we conduct experiments on three com-
monly used datasets: StackOverflow (Xu et al. 2015) is a
dataset containing 3,370,528 programming question titles
across 20 categories. Consistent with prior studies, a sub-
set of 1,000 examples from each category was randomly
selected for analysis. SNIPS (Coucke et al. 2018) is com-
posed of 14,484 spoken utterances with 7 distinct categories
of intent classes. BANKING (Casanueva et al. 2020) is an
online banking inquiry with 13,080 instances and 77 intents
classes. Table 1 presents detailed statistics of these datasets.

Baselines

We compare our MOGB method with the following open
intent classification methods: MSP (Hendrycks and Gimpel
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Dataset #Class  #Train/Valid/Test ~ Length
StackOverflow 20 12,000/2,000/6,000  9.18
SNIPS 7 13,084/700/700 9.05
BANKING 77 9,003/1,000/3,080  11.91

Table 1: Statistics of datasets.

2022) classifies samples based on their maximum softmax
probabilities; DOC (Shu, Xu, and Liu 2017) conducts open
intent classification by establishing probability thresholds
through Gaussian fitting. OpenMax (Bendale and Boult
2016) implements open set recognition by transforming the
softmax layer in a neural network into an OpenMax layer.
DeepUnk (Lin and Xu 2019) utilizes margin loss that min-
imizes intra-class variance and maximizes inter-class vari-
ance to learn enhanced representation. ADB (Zhang, Xu,
and Lin 2021) acquires feature representation by softmax
loss and learns a single decision boundary for each class.
DA-ADB (Zhang et al. 2023a) learns distance-aware intent
representations to obtain appropriate decision boundary.

Evaluation Metrics

Following previous work (Zhang, Xu, and Lin 2021), we uti-
lize Fl-score and accuracy metrics to assess different ap-
proaches. Additionally, we also compute the fine-grained
macro Fl-score for both known classes and unknowns.

Experimental Settings

Following the experimental setting of prior study (Zhang,
Xu, and Lin 2021), a predetermined percentage of classes
are randomly designated as known classes, while the re-
maining classes are considered unknown (open). During
testing, all unknown classes are collectively treated as a sin-
gle additional class. Training exclusively utilizes samples
from the known classes, with samples from the unknown
classes excluded from the training dataset. The test dataset
comprises both known and unknown samples. The experi-
mental results are presented based on three datasets, with
known class ratios set at 25%, 50%, and 75%, respectively.

During representation learning, we use the pre-trained
BERT model (Kenton and Toutanova 2019), keeping all pa-
rameters fixed except for those in the final layer. The training
batch size is set to 128, with a learning rate of 2e-5 to fine-
tune the final layer. We control the adaptive granular-ball
clustering by two attributes of the granular-ball: purity limit
p; and sample count limit n;. We set p; = 0.9 for all datasets
and varying n; for different datasets depending on the num-
ber of samples within each class. In addition, granular-balls
with high quality are selected to represent the distribution by
new purity limit p; and sample count limit ;. We set p; = 1
for all datasets and set varying n; based on the dataset.

Main Results

Table 2 displays the results of open intent classification
on three datasets (StackOverflow, SNIPS, and BANKING)
at different proportions of known classes (25%, 50%, and
75%). We report the accuracy of all intent classes (denoted
as “Acc”) and F1-score for all intent classes, unknown, and



\ StackOverflow SNIPS BANKING
Methods Acc  Fl1-All F1-U FI-K | Acc Fl-All F1-U FI-K | Acc Fl-All Fl1-U FI1-K
MSPy 28.67 37.85 13.03 42.82 | 28.57 37.65 0.00 56.48 | 43.67 50.09 41.43 50.55
DOCt 42774 47773 4125 49.02 | 45.63 55.10 34.67 6532|5699 58.03 6142 57.85
OpenMaxt | 40.28 4598 49.29 52.60 | 59.57 49.68 6192 4356 | 4994 5414 5132 54.23
25% DeepUnkx | 70.68 65.57 36.87 47.39 | 5342 59.67 49.32 64.85 | 70.68 65.57 7698 64.97
ADBf 86.72 80.83 90.88 78.82 | 58.57 65.72 58.92 69.12 | 78.85 71.62 84.56 70.94
DA-ADB=x | 87.01 80.05 91.16 77.82 | 47.09 52.75 4438 56.93 | 78.39 70.67 84.27 69.95
MOGB | 9148 8443 9442 87.80 | 68.00 7220 7136 72.63 | 83.08 75.19 88.29 74.50
MSP{ 5242 63.01 2399 6691 | 5797 6334 7.12 7740 | 59.73 63.60 41.19 7197
DOCt 52.53 62.84 2544 66.58 | 72.50 78.15 54.89 83.97 | 64.81 73.12 55.14 73.59
OpenMaxt | 60.35 68.18 45.00 70.49 | 59.82 65.50 14.23 7831 | 6531 74.24 5433 7476
50% DeepUnkx | 71.01 7541 35.80 67.67 | 69.53 75.10 49.67 &1.45|71.01 7541 67.80 75.61
ADBf 86.40 85.83 87.34 85.68 | 73.57 78.82 62.17 8298 | 78.86 80.90 78.44 80.96
DA-ADB=x | 86.02 85.21 87.21 85.01 | 73.69 77.35 66.58 80.05 | 79.09 81.03 78.78 81.09
MOGB | 88.67 8749 89.71 87.27 | 73.86 7891 6242 83.03 | 80.58 81.52 81.04 81.53
MSP¢ 7217 7795 3396 8088 | 71.49 7256  6.52 8577 | 75.89 83.60 39.23 84.36
DOCt 6891 75.06 16.76 78.95 | 79.96 83.11 51.67 89.40 | 76.77 8334 50.60 83.91
OpenMaxt | 7442 79.78 4487 82.11 | 7220 73.63 11.03 86.15 | 77.45 84.07 50.85 84.64
75% DeepUnkx | 71.56  77.63 34.38 77.63 | 78.50 81.74 52.05 87.68 | 74.73 81.12 50.57 81.65
ADBf{ 82.78 8599 73.86 86.80 | 86.71 88.61 73.35 91.66 | 81.08 85.96 66.47 86.09
DA-ADB=x | 82.89 86.11 74.06 86.92 | 81.57 8429 68.62 87.42 | 81.31 86.01 6722 86.36
MOGB | 8437 87.37 75.52 88.16 | 87.71 89.39 73.62 92.55 | 82.69 86.82 71.27 87.09

Table 2: Results of MOGB across StackOverflow, SNIPS, and BANKING with different known class ratios (25%, 50%, and
75%). * means the results are not provided in the original paper and we get the results by running its released codes. The results

with t are from (Zhang, Xu, and Lin 2021).

known classes (denoted as “F1-All”, “F1-U”, and “F1-K”,
respectively). The most optimal performance is emphasized
through the blod values, while the underline values indicate
a suboptimal performance of our MOGB.

According to Acc and F1-All, our MOGB methodology
exhibits superior performance across all three datasets, con-
sistently surpassing all other baseline methods. Moreover,
we observed that our MOGB approach surpasses ADB and
DA-ADB by a greater margin when the known class ratio is
low. Conversely, when the known class ratio is high, the en-
hancement in performance of our method is somewhat mini-
mal. Specifically, in cases where the proportion of the known
class is low (25%), compared with the strong baseline ADB,
our MOGB improves four metrics (“Acc” / “F1-All” / “F1-
U” / “F1-K”) by 4.76% / 3.60% / 3.54% / 8.98% on Stack-
Overflow, by 9.43% / 6.48% / 12.44% / 3.51% on SNIPS,
and by 4.23% /3.57% / 3.73% / 3.56% on BANKING. Con-
versely, when the known class ratio is higher (75%), com-
pared with ADB, our MOGB method enhances four metrics
by 1.59% / 1.38% / 1.66% / 1.36% on StackOverflow, by
1.00% / 0.78% 1/ 0.27% / 0.89% on SNIPS and by 1.61% /
0.86% / 4.80% / 1.00% on BANKING.

These above results indicate that our MOGB is more ef-
fective in situations with a high proportion of unknown in-
tents. This can be ascribed to the fact that the test dataset
includes more open intents under a low known class ratio.
Compared with the single decision boundary methods (ADB
and DA-ADB), the multi-granularity decision boundaries in
MOGB allocate more space for open intents. Therefore, the
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open space risk associated with intra-open intents is reduced
effectively, resulting in enhanced performance.

Ablation Study

In this subsection, we examine the impact of two compo-
nents of MOGB on three datasets with a known class ratio
of 25%. From Table 3, we observed that removing any com-
ponent will lead to performance degradation, emphasizing
the essence of each independent component. Specifically, (1)
w/o HRL refers to removing the Hierarchical Representa-
tion Learning (HRL) module and learning representation by
cross-entropy loss; (2) w/o MB refers to removing the Multi-
granularity decision Boundary (MB) and classification by a
single boundary of each class; (3) w/o HRL+MB indicates
the exclusion of both Hierarchical Representation Learning
and Multi-granularity decision Boundary. The combination
of HRL and MB can achieve the best performance.

Discussion

In the MOGB method, the multi-granularity decision bound-
aries are established based on granular-balls derived from
the training dataset. Consequently, the quality of these
granular-balls has a significant impact on the classification
performance. The quality of a granular-ball largely depends
on its purity and the sample count. We use granular-balls
with purity exceeding p; and sample count more than n; to
build the decision boundaries. Next, we report the effect of
Pt and Nt.



Dataset Method Acc  Fl1-All

MOGB 91.48 84.43

w/o HRL 85.70 79.72

StackOverflow )\ g 8238 75.82

w/o HRL+MB 86.30 80.06

MOGB 68.00 72.20

w/o HRL 62.57 68.94

SNIPS w/o MB 62.57 68.88

w/o HRL+MB 60.29 67.54

MOGB 83.08 75.19

w/o HRL 7740 71.55

BANKING w/o MB 81.14 74.25

w/o HRL+MB 78.80 72.20

Table 3: Ablation study on StackOverflow, SNIPS, and
BANKING with a known class ratio of 25%.

Pt Acc F1-All F1-U FIl-K
0.80 | 83.10 86.41 72.70 87.32
0.85 | 83.27 86.50 73.15 87.39
090 | 84.37 87.37 75.52 88.16
093 | 8445 8741 75.78 88.19
095 | 84.23 8731 7540 88.10
097 | 84.23 87.31 7540 88.10

Table 4: Effect of p; on StackOverflow with known class
ratio of 75%.

Effect of the Purity Limit p,

A higher p; results in a small number of trustworthy
granular-balls being used to represent the dataset and fewer
decision boundaries being constructed, reducing the known
intent space and increasing the chance of misclassifying
known intents as unknowns. Conversely, a lower p, expands
the known space, reducing open space but increasing the risk
of misclassifying unknown intents as known classes.

Table 4 presents the Acc, F1-All, F1-U, and F1-K as
the purity threshold p; increases from 0.80 to 0.97 on the
StackOverflow dataset, with a known class ratio of 75%.
Overall, the performance of our method in open classifi-
cation remains relatively stable, highlighting its robustness.
However, a slight trend in performance variation can be ob-
served: as p; increases, classification performance initially
improves, peaking at p; = 0.93. This improvement occurs
because high-purity granular-balls better capture the distri-
bution of known classes by reducing uncertainty. Beyond
this point, further increasing p, to 0.95 causes a performance
decline. The stricter purity requirement excludes certain de-
cision boundaries that represent known classes, leading to
portions of known class spaces being misclassified as un-
knowns and increasing open space risk. This outcome is con-
sistent with our expectations.

Effect of the Sample Count Limit n;

Granular-balls containing samples exceeding a specified
threshold n; are chosen to represent data distribution and es-
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Figure 3: Effect of n, on BANKING with 50% known class.
X-axis represents the value of ny, the left Y-axis denotes
the values of four metrics, and the right Y-axis indicates
the number of established decision boundaries for all known
classes.

tablish decision boundaries for the open classification. Fig-
ure 3 shows the performance of MOGB on dataset BANK-
ING with a known class ratio of 50% as n; changes, along
with the number of established decision boundaries at dif-
ferent n; values. There are 39 known classes under a known
class ratio of 50% on the BANKING dataset. From Fig-
ure 3, we observed that the number of decision boundaries
for open classification decreases as n; increases. In particu-
lar, when n; = 1, a total of 314 decision boundaries are es-
tablished, signifying that each known intent class is charac-
terized by several distinct boundaries. Optimal performance
is achieved at n; = 5, where 104 decision boundaries are
constructed. However, at n; = 19, only 43 decision bound-
aries are constructed, with most classes represented by a sin-
gle boundary, degrading the performance of four metrics.
The observed phenomenon aligns with our expectations.
A strict ny limit reduces decision boundaries, leading to in-
complete feature space coverage and higher empirical risk.
In contrast, a looser n; limit introduces more boundaries
that better fit the true distribution but risk overcovering, ul-
timately reducing performance. Although the performance
of MOGB varies with changes in n;, the overall fluctuation
remains small, demonstrating the robustness of our method.

Conclusions

This paper proposes a multi-granularity open intent classi-
fication method via hierarchical representation learning and
multi-granularity decision boundary (MOGB). Specifically,
the granular-balls of diverse sizes are generated by adap-
tive granular-ball clustering to represent the known intent
space during hierarchical representation learning. Addition-
ally, the nearest sub-centroid classifier equips for learning
fine-grained representation that reflects semantic structures
within known intent classes. Furthermore, multi-granularity
decision boundaries for each known intent class are con-
structed for open intent classification, which reduces both
empirical and open-space risk. Finally, extensive experi-
ments demonstrate the superiority of the MOGB method.
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