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Abstract

Generalized Category Discovery (GCD) is a crucial real-
world task that aims to recognize both known and novel cate-
gories from an unlabeled dataset by leveraging another labeled
dataset with only known categories. Despite the improved
performance on known categories, current methods perform
poorly on novel categories. We attribute the poor performance
to two reasons: biased knowledge transfer between labeled
and unlabeled data and noisy representation learning on the
unlabeled data. The former leads to unreliable estimation of
learning targets for novel categories and the latter hinders mod-
els from learning discriminative features. To mitigate these
two issues, we propose a Transfer and Alignment Network
(TAN), which incorporates two knowledge transfer mecha-
nisms to calibrate the biased knowledge and two feature align-
ment mechanisms to learn discriminative features. Specifically,
we model different categories with prototypes and transfer
the prototypes in labeled data to correct model bias towards
known categories. On the one hand, we pull instances with
known categories in unlabeled data closer to these prototypes
to form more compact clusters and avoid boundary overlap
between known and novel categories. On the other hand, we
use these prototypes to calibrate noisy prototypes estimated
from unlabeled data based on category similarities, which
allows for more accurate estimation of prototypes for novel
categories that can be used as reliable learning targets later.
After knowledge transfer, we further propose two feature align-
ment mechanisms to acquire both instance- and category-level
knowledge from unlabeled data by aligning instance features
with both augmented features and the calibrated prototypes,
which can boost model performance on both known and novel
categories with less noise. Experiments on three benchmark
datasets show that our model outperforms SOTA methods, es-
pecially on novel categories. Theoretical analysis is provided
for an in-depth understanding of our model in general. Our
code and data are available at https://github.com/Lackel/TAN.

Introduction
Despite remarkable breakthroughs achieved by modern deep
learning systems, the majority of models are designed under
a close-world setting, based on the assumption that training
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Figure 1: Average accuracy on three benchmark datasets
compared to the SOTA method DPN. Accuracy for novel
categories (Novel), known categories (Known) and their har-
monic mean (H-score) over three runs are reported.

and test data are from the same set of pre-defined categories
(Cao, Brbic, and Leskovec 2021). However, many practical
problems such as intent detection (Lin, Xu, and Zhang 2020)
and relation extraction (Hogan, Li, and Shang 2023) are
open-world, where the well-trained models may encounter
unlabeled data containing unseen novel categories. To meet
the open-world demands, Generalized Category Discovery
(GCD) was widely studied in both NLP (Zhang et al. 2021a;
An et al. 2023c) and CV fields (Vaze et al. 2022; Wen, Zhao,
and Qi 2022). GCD requires models to recognize both known
and novel categories from encountered unlabelled data based
on a set of labeled data with only known categories, which
can adapt models to the increasing number of categories
without any additional labeling cost.

Most existing works (Zhang et al. 2021b; An et al. 2023c;
Shi et al. 2023) adopt a two-stage approach to address GCD:
pre-training on labeled data and then transferring the pre-
trained model for pseudo-label training on unlabeled data.
Even though these methods have achieved good performance
on known categories, they usually perform poorly on novel
categories due to the lack of supervision (yellow bar in Fig. 1),
which limits their applications in the real world. We attribute
the poor performance to two reasons: Biased knowledge
transfer and Noisy representation learning. First, models
pretrained on labeled data with only known categories tend to
be over-confident and biased towards known categories, so in-
stances with novel categories in unlabeled data can be easily
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misclassified into known categories (Fig. 2 (a) Top), where
the biased knowledge transfer can lead to noisy estimation of
learning targets for novel categories (e.g., biased category pro-
totypes (An et al. 2023c) or unreliable pseudo labels (Zhang
et al. 2021a)). Second, under the noisy learning targets, it
is usually hard for current models to learn discriminative
representations from unlabeled data effectively. Moreover,
these methods solely focus on instance- (Vaze et al. 2022)
or prototype-based discrimination (An et al. 2023c) with the
noisy learning targets, but fail to combine them together to
capture both instance- and category-level semantics, which
can further disrupt the performance.

To mitigate above issues, we propose a Transfer and
Alignment Network (TAN) to calibrate the biased knowl-
edge and learn discriminative features. We first propose two
knowledge transfer mechanisms to calibrate the biased knowl-
edge caused by pre-training. Specifically, we model different
categories with prototypes (Snell, Swersky, and Zemel 2017),
then we leverage prototypes of known categories in labeled
data as a prior to guide the training process on unlabeled
data. On the one hand, we propose Prototype-to-Instance
Transfer (P2I Trans) to cluster instances with known cat-
egories in unlabeled data around these prototypes to form
compact clusters, which can make different categories dis-
criminative and avoid boundary overlap between known and
novel categories. On the other hand, inspired by the fact that
similar categories may share some common features (e.g.,
cats and dogs), we propose Prototype-to-Prototype Transfer
(P2P Trans) to transfer these prototypes to calibrate the noisy
prototypes estimated from unlabeled data. To avoid negative
transfer between dissimilar categories, we introduce semantic
similarities between categories as weights and select only the
most similar k prototypes for the prototype calibration. By
transferring knowledge from known to novel categories, the
calibrated prototypes can be used as reliable learning targets
to guide the subsequent representation learning. Combining
P2I and P2P Trans, TAN can learn clear decision bound-
aries for known categories and reliable prototypes for novel
categories, which can help to alleviate the effects of biased
knowledge transfer (Fig. 2 (a) Bottom).

After knowledge transfer, we further propose two fea-
ture alignment mechanisms to acquire both instance- and
category-level knowledge from unlabeled data with less
noise. First, we propose Instance-to-Prototype Alignment
(I2P Align) to pull instance features closer to the correspond-
ing calibrated prototypes to acquire category-level knowl-
edge (i.e., common category semantics embedded in proto-
types from multiple instances), so that these features can be
discriminative and compact around the prototypes to form
more distinguishable decision boundaries. Second, we pro-
pose Instance-to-Instance Alignment (I2I Align) to align
instance features with their augmented features to acquire
instance-level knowledge (i.e., specific instance semantics
embedded in instance features), so that these features can be
self-consistent and locally smooth for better representation
learning (Chen et al. 2020). As shown in Figure 1, our model
achieves the best performance on three benchmark datasets,
and the improved performance on novel categories further
validates the effectiveness of our model. Last but not least,

we theoretically justify the effectiveness of our model.
Our main contributions can be summarized as follows:

• We propose a Transfer and Alignment Network (TAN) to
mitigate the performance gap between known and novel
categories in GCD.

• We propose two knowledge transfer mechanisms to al-
leviate the effects of biased knowledge transfer and two
feature alignment mechanisms to acquire both instance-
and category-level knowledge with less noise.

• Extensive experiments show that our model outperforms
SOTA methods, and theoretical analysis further validates
the effectiveness of our model.

Related Work
Generalized Category Discovery
Generalized Category Discovery (GCD) is a practical and
challenging task formalised by Vaze et al. (2022). Under
the open-world setting, GCD assumes that the newly col-
lected unlabeled data contain novel categories that have never
been seen during training. Due to the lack of supervision for
novel categories, previous methods mainly employed pseudo-
labeling based methods (Han, Vedaldi, and Zisserman 2019;
Lin, Xu, and Zhang 2020; Ge, Chen, and Li 2020) or self-
supervised methods (Zhong et al. 2021; Wen, Zhao, and Qi
2022; Zhang et al. 2022) to learn from unlabeled data. For
example, Caron et al. (2018) proposed to generate pseudo la-
bels by clustering, Zhang et al. (2021a) and An et al. (2023a)
improved this method by generating more robust and con-
sistent pseudo labels. As for self-supervised methods, Vaze
et al. (2022) proposed a semi-supervised k-means framework
with contrastive learning to learn discriminative features, and
An et al. (2023c) proposed a decoupled prototypical network
to decouple known and novel categories from unlabeled data.
Another line of work focuses on the discovery of novel fine-
grained categories from coarsely-labeled data (An et al. 2022,
2023b; Ma et al. 2023), which can transfer knowledge be-
tween different label hierarchies. Despite the improved over-
all performance, most of these methods performed poorly
on novel categories because of the biased knowledge trans-
fer and noisy representation learning, which may limit their
applications in the real world.

Transfer Learning
Transfer learning aims at transferring knowledge from the
source domain to boost model performance on the target
domain (Zhuang et al. 2020; Chen and Su 2023). GCD is re-
lated to transfer learning since we need to transfer knowledge
from known to novel categories. Most of current methods
are based on the pre-training and fine-tuning paradigm to
transfer knowledge implicitly by initializing model param-
eters (Zhang et al. 2021a). For example, Vaze et al. (2022)
proposed to use contrastive learning to pre-train their model,
and Zhang et al. (2022) combined supervised learning and
masked language modeling to initialize their model. How-
ever, we think this paradigm is sub-optimal for GCD because
models pre-trained on labeled data tend to be biased towards
known categories.

The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

10857



Labeled 
Data

Unlabeled 
Data

Encoder

Encoder

Shared 
Weights

[1
𝑙 , 2

𝑙 , … , 𝑀
𝑙 ]

[1
𝑢, 2

𝑢, … , 𝐾
𝑢 ]

Similarity 
matrix

[1
𝑐 , 2

𝑐 , … , 𝐾
𝑐 ]

Top-k
Transfer

Lce

Lu

P2P  Transfer P2I  Transfer I2I  Align I2P  Align

Labeled Prototypes

Instances Augmented Instances Labeled Prototypes Calibrated Prototypes

Calibrated PrototypesUnlabeled Prototypes

2
𝑙

1
𝑐

1
𝑢

Unlabeled Prototypes

T
A
N

After  Calibration

(b)(a)

Figure 2: (a) An illustration of the biased knowledge transfer (Top) and the effectiveness of our knowledge transfer mechanisms
(Bottom). (b) An overview of our model.

Method
In this section, we first formulate the Generalized Category
Discovery (GCD) task. Then we introduce our Transfer and
Alignment Network (TAN) in detail. Specifically, we first pre-
train a feature encoder and learn category prototypes from
both labeled and unlabeled data. Then we propose two knowl-
edge transfer mechanisms to learn clear decision boundaries
for known categories and reliable prototypes for novel cat-
egories, which can help to mitigate the effects of biased
knowledge transfer. After knowledge transfer, we propose
two feature alignment mechanisms to capture both instance-
and category-level semantics to learn discriminative features.
The framework of our model is shown in Fig. 2 (b).

Problem Formulation
Models trained on a labeled dataset Dl = {(xi, yi)|yi ∈ Yk}
can recognize pre-defined known categories Yk well. How-
ever, in the open world, the trained models may encounter
unlabeled data Du = {xi|yi ∈ {Yk,Yn}} that contain both
known categories Yk and novel categories Yn, which can
make the models fail. To cope with this limitation, General-
ized Category Discovery (GCD) requires models to recognize
both known and novel categories based on Dl and Du, with-
out any annotation for novel categories. We denote M = |Yk|
as the number of known categories and K = |Yk|+ |Yn| as
the number of all categories. Finally, model performance will
be measured on a testing set Dt = {(xi, yi)|yi ∈ {Yk,Yn}}.

Pre-training and Prototype Learning
We use the pre-trained BERT (Devlin et al. 2018) as our fea-
ture encoder Fθ to extract feature zi = Fθ(xi) for the input
xi. To adapt the pre-trained model to the downstream GCD
task, we use cross-entropy loss on labeled data and masked
language modeling (mlm) loss (Zhang et al. 2021b) on un-
labeled data to pre-train Fθ, where the mlm loss can help

to learn general knowledge and reduce model bias towards
known categories.

To transfer knowledge between different categories and
acquire reliable learning targets for unlabeled data, we
model categories with prototypes (Snell, Swersky, and Zemel
2017) and learn two sets of prototypes from the labeled
and unlabeled dataset, respectively. For the labeled dataset,
we take average of all instance features belonging to the
same category as labeled prototypes P l = {µl

j}Mj=1, where
µl
j = 1

|Dl
j |
∑

xi∈Dl
j
Fθ(xi) and Dl

j is a set of labeled in-
stances from the category j. For unlabeled data, we follow
An et al. (2023c) to perform clustering and utilize cluster
centers as estimated unlabeled prototypes Pu = {µu

j }Kj=1,
where µu

j = 1
|Du

j |
∑

xi∈Du
j
Fθ(xi) and Du

j is a set of unla-
beled instances belonging to the cluster j.

Knowledge Transfer
To transfer knowledge between known and novel categories
and alleviate the effects of biased knowledge transfer, we pro-
pose two knowledge transfer mechanisms called Prototype-to-
Prototype Transfer (P2P Trans) and Prototype-to-Instance
Transfer (P2I Trans).

P2P Trans. Due to the lack of supervision and the model
bias towards known categories, the estimated unlabeled proto-
types can be noisy and biased, especially for novel categories.
So directly performing prototypical learning (Snell, Swersky,
and Zemel 2017) on these noisy prototypes can lead to in-
ferior results. To mitigate this issue, we propose to transfer
knowledge between categories and treat the labeled proto-
types as unbiased estimation for known categories to calibrate
the noisy unlabeled prototypes. To avoid negative transfer
between dissimilar categories, we introduce semantic similar-
ities between categories as weights and select only the most
similar k prototypes for the prototype calibration. Specifically,
we measure the semantic similarity of two categories based

The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

10858



on the Euclidean distance of the corresponding prototypes:

Si = {−∥µu
i − µl

j∥2 | µl
j ∈ P l} (1)

where µu
i is the i-th unlabeled prototype and µl

j is the j-th
labeled prototype. Then we select the top-k similar labeled
prototypes as the transfer set S′

i for each unlabeled prototype:

Ti = {j | Sij ∈ topk(Si)} (2)

S′
i = {Sij | j ∈ Ti} (3)

where Sij is the j-th element of Si. Then we calculate the
transfer weights by normalizing similarities in the transfer
set:

wi = softmax(S′
i/
√
dim(z)) (4)

where dim(z) is the feature dimension. Then we use the
transfer set and weights to calibrate each unlabeled prototype.
The calibrated prototypes P c = {µc

i}Ki=1 can be estimated as
follows:

µc
i = α · µu

i + (1− α) ·
∑
j∈Ti

wij · µl
j (5)

where α is a weighting factor, wij is the j-th element of wi.
By using category similarities as weights, we can transfer
knowledge from labeled prototypes to calibrate the noisy
unlabeled prototypes, where the calibrated prototypes can be
used as reliable learning targets for unlabeled data later.

P2I Trans. Since the labeled prototypes are learned from
ground-truth labels, they can be viewed as unbiased estima-
tion for known categories. So we further utilize these labeled
prototypes to guide the training process of unlabeled data
with known categories, based on the pseudo labels from clus-
tering. Specifically, we need to first match the prototypes for
known categories in labeled and unlabeled data. Following
the assumption that the closest prototypes in the feature space
represent the same category, we can find the optimal match
function P through a bipartite matching algorithm introduced
by An et al. (2023c), where µl

i and µu
P(i) represent the same

known category. Then we cluster unlabeled instances with
known categories around the corresponding prototypes:

Lp2i =
1

N

M∑
i=1

∑
xj∈Du

P(i)

∥Fθ(xj)− µl
i∥2 (6)

where N is the number of unlabeled data belonging to known
categories based on clustering results. Du

P(i) is a set of unla-
beled data belonging to the cluster P(i) (i.e., the i-th known
category). In this way, we can form compact clusters and
distinguishable decision boundaries for known categories.

Discussion. The knowledge transfer mechanisms are ef-
fective towards the problem of biased knowledge transfer
in two aspects. First, we can calibrate the biased unlabeled
prototypes and estimate more reliable prototypes through the
P2P Trans (Sec. Prototype Calibration), which can help to
correct instances that are biased to known categories. Second,
we can form compact clusters and clear decision boundaries
for known categories through the P2I Trans, which can also

help to correct the biased instances. Combining P2P and P2I
Trans, our model can learn more reliable prototypes and more
distinguishable decision boundaries for different categories,
which can make them more discriminative and alleviate the
effects of biased knowledge transfer (Fig. 2 (a) Bottom).

Feature Alignment
After knowledge transfer, we further propose two feature
alignment mechanisms called Instance-to-Prototype Align-
ment (I2P Align) and Instance-to-Instance Alignment (I2I
Align) to learn discriminative features from unlabeled data.

I2P Align. After P2P Trans, the calibrated prototypes are
less noisy and can be treated as reliable learning targets for un-
labeled data. So we propose to acquire category-level knowl-
edge by pulling instance features of unlabeled data closer to
the corresponding calibrated prototypes based on the cluster-
ing results, so that these features can be discriminative and
compact around the prototypes to form more distinguishable
decision boundaries for different categories:

Li2p = − 1

|Du|

K∑
i=1

∑
xj∈Du

i

∥Fθ(xj)− µc
i∥2 (7)

where |Du| is the number of unlabeled instances, Du
i is a set

of unlabeled instances belonging to the cluster i.

I2I Align. In addition to I2P Align, we also propose
Instance-to-Instance Alignment (I2I Align) to acquire
instance-level knowledge from unlabeled data. Specifically,
we use data augmentation methods to generate augmented
instance x′

i for each instance xi. Then we perform instance-
wise contrastive learning (Oord, Li, and Vinyals 2018) to pull
xi closer to x′

i and push other instances away from xi, which
can help to learn self-consistent and locally-smooth features
for better representation learning (Li et al. 2020):

Li2i = − 1

|Du|

|Du|∑
i=1

log
exp(zi · z′i/τ)∑2B

j=1 exp(zi · z′j/τ))
(8)

where z′i is the feature of x′
i, τ is a temperature hyper-

parameter, and B is the batch size. We further add cross-
entropy loss Lu on unlabeled data to learn more discrimina-
tive features with cluster ids as pseudo labels (Caron et al.
2018). To avoid catastrophic forgetting for knowledge ac-
quired from labeled data and mitigate the effects of label
noise in unlabeled data (An et al. 2023a), we also add cross-
entropy loss Lce on labeled data with ground-truth labels.

Overall Loss. The objective of our model is defined as:
LTAN = Lp2i + Li2p + Li2i + Lu + βLce (9)

where β is a weighting factor. By combining instance-
and prototype-based learning, our model can capture both
instance- and category-level semantics from unlabeled data,
which can help to learn discriminative representations. In
summary, our model can mitigate the problem of biased
knowledge transfer by transferring knowledge from labeled
to unlabeled data and alleviate the noisy representation learn-
ing problem by acquiring both instance- and category-level
knowledge, which can help to learn clear decision boundaries
for different categories and boost our model performance.
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Method BANKING StackOverflow CLINC

H-score Known Novel H-score Known Novel H-score Known Novel

DeepCluster 13.97 13.94 13.99 19.10 18.22 14.80 26.48 27.34 25.67
DCN 16.33 18.94 14.35 29.22 28.94 29.51 29.20 30.00 28.45
DEC 17.82 20.36 15.84 25.99 26.20 25.78 19.78 20.18 19.40
KM-BERT 21.08 21.48 20.70 16.93 16.67 17.20 34.05 34.98 33.16
KM-GloVe 29.25 29.11 29.39 28.32 28.60 28.05 51.62 51.74 51.50
AG-GloVe 30.47 29.69 31.29 29.95 28.49 31.56 44.16 45.17 43.20
SAE 37.77 38.29 37.27 62.65 57.36 69.02 45.74 47.35 44.24

Simple 40.52 49.96 34.08 57.53 57.87 57.20 62.76 70.60 56.49
Semi-DC 47.40 53.37 42.63 64.90 63.57 61.20 73.41 75.60 71.34
Self-Labeling 48.19 61.64 39.56 59.99 78.53 48.53 61.29 80.06 49.65
CDAC+ 50.28 55.42 46.01 75.78 77.51 74.13 69.42 70.08 68.77
DTC 52.13 59.98 46.10 63.22 80.93 51.87 68.71 82.34 58.95
Semi-KM 54.83 73.62 43.68 61.43 81.02 49.47 70.98 89.03 59.01
DAC 54.98 69.60 45.44 63.64 76.13 54.67 78.77 89.10 70.59
GCD 55.78 75.16 44.34 64.63 82.00 53.33 63.08 89.64 48.66
PTJN 60.69 77.20 50.00 77.48 72.80 82.80 83.34 91.79 76.32
DPN 60.73 80.93 48.60 83.13 85.29 81.07 84.56 92.97 77.54

TAN (OC) 65.49 81.21 54.87 85.20 84.80 85.60 86.20 92.74 80.53
TAN (Ours) 66.70 81.97 56.23 86.64 86.36 86.93 87.02 93.39 81.46
Improvement +5.97 +1.04 +6.23 +3.51 +1.07 +4.13 +2.46 +0.42 +3.92

Table 1: Average results (%) over 3 runs on the testing set. OC means over clustering.

Theoretical Analysis
We formalize the error bound of our model with the theory of
unsupervised domain adaptation (Pan et al. 2019; Ben-David
et al. 2010). Training on both labeled and unlabeled data,
the classification error of GCD can be written as the linear
weighted sum of errors on labeled and unlabeled data:

ϵ(h) = γ · ϵu(h, ŷu) + (1− γ) · ϵl(h, yl) (10)
where h is a hypothesis, γ is a weighting factor, ϵu(h, ŷu) =
Ex∼Du |h(x)− ŷu| and ϵl(h, y

l) = Ex∼Dl |h(x)− yl| repre-
sent the error over the sample distribution of unlabeled data
Du with pseudo labels ŷu and labeled data Dl with ground-
truth labels yl, respectively. Then we want to analyse how
close the error ϵ(h) is to an oracle error ϵu(h, yu) that eval-
uates the model learned on the unlabeled data with ground
truth labels yu. Following the analysis in Pan et al. (2019),
difference between the two losses can be bounded by the
following Lemma.
Lemma 1 Let h be a hypothesis in class H. Then

|ϵ(h)− ϵu(h, y
u)| ≤ (1− γ)(

1

2
dH∆H(Dl,Du) + λ) + γρ

(11)
where dH∆H(Dl,Du) = 2 suph,h′∈H |ϵu(h, h′)− ϵl(h, h

′)|
measures the domain discrepancy between the labeled and
unlabeled data in the hypothesis space H. λ = ϵl(h

∗, yl) +
ϵu(h

∗, yu) is the total error on the labeled and unlabeled
data with the joint optimal hypothesis h∗. And ρ denotes the
ratio of false pseudo labels for unlabeled data.

From the Lemma 1 we can see that the bound are de-
cided by three terms. First, the term λ is negligibly small

with the joint optimal hypothesis h∗ and ground-truth la-
bels, which can be disregard. Second, for the discrepancy
term dH∆H(Dl,Du) that can be quantified by category-level
discrepancy of prototypes (Pan et al. 2019), the main discrep-
ancy of the labeled and unlabeled data is from the differences
between known and novel categories. Our knowledge trans-
fer mechanisms can mitigate this discrepancy by transferring
knowledge from known to novel categories, where the P2P
Trans can help to estimate more reliable prototypes for novel
categories and mitigate the discrepancy between known and
novel categories. Third, the ratio of false pseudo labels ρ can
be gradually reduced by learning more discriminative repre-
sentations during training. Our feature alignment mecha-
nisms can capture both instance- and category-level seman-
tics to learn more discriminative features, which can reduce
the noise of pseudo labels (Sec. Accuracy of Pseudo Labels).
In summary, our knowledge transfer and feature alignment
mechanisms can help to tighten the bound in Lemma 1, which
can prove the effectiveness of our model theoretically.

Experiments
Experimental Setup
Datasets. We validate the effectiveness of our model on
three benchmark datasets. BANKING is an intent detection
dataset in the bank domain (Casanueva et al. 2020). Stack-
Overflow is a question classification dataset processed by
Xu et al. (2015). CLINC is a text classification dataset from
diverse domains (Larson et al. 2019). For each dataset, we
randomly select 25% categories as novel categories and 10%
data as labeled data.
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Variant H-score Known Novel

TAN 66.70 81.97 56.23

w/o P2I Trans 65.46 80.46 55.18
w/o P2P Trans 63.45 82.54 51.53
w/o Lce 62.70 81.45 50.96
w/o I2I Align 61.26 80.19 49.56
w/o Lu 60.11 82.50 47.28
w/o I2P Align 59.10 84.51 45.44

Table 2: Ablation study with different model variants.

Comparison with SOTA. We compare the proposed model
with various baselines and SOTA methods.
Unsupervised Models. (1) DeepCluster: Deep Clustering
(Caron et al. 2018). (2) DCN: Deep Clustering Network
(Yang et al. 2017). (3) DEC: Deep Embedding Clustering
(Xie, Girshick, and Farhadi 2016). (4) KM-BERT: KMeans
with BERT embeddings (Devlin et al. 2018). (5) KM-GloVe:
KMeans (MacQueen et al. 1967) with GloVe embeddings
(Pennington, Socher, and Manning 2014). (6) AG-GloVe:
Agglomerative Clustering (Gowda and Krishna 1978) with
GloVe embeddings. (7) SAE: Stacked Auto Encoder.
Semi-supervised Models. (1) Simple: A Simple Paramet-
ric model (Wen, Zhao, and Qi 2022). (2) Semi-DC: Deep
Clustering (Caron et al. 2018) pretrained on labeled data. (3)
Self-Labeling: Self-Labeling Framework (Yu et al. 2022).
(4) CDAC+: Constrained Adaptive Clustering (Lin, Xu, and
Zhang 2020). (5) DTC: Deep Transfer Clustering (Han,
Vedaldi, and Zisserman 2019). (6) Semi-KM: KMeans with
BERT pretrained on labeled data. (7) DAC: Deep Aligned
Clustering (Zhang et al. 2021a). (8) GCD: Label Assignment
with Semi-supervised KMeans (Vaze et al. 2022). (9) PTJN:
Robust Pseudo-label Training (An et al. 2023a). (10) DPN:
Decoupled Prototypical Network (An et al. 2023c).

Evaluation Metrics. We measure model performance with
clustering accuracy on the testing set with Hungarian algo-
rithm (Kuhn 1955). (1) H-score: harmonic mean of the accu-
racy for known and novel categories, which can avoid evalua-
tion bias towards known categories (Saito and Saenko 2021).
(2) Known: accuracy for instances with known categories.
(3) Novel: accuracy for instances with novel categories.

Implementation Details. We use the pretrained bert-base-
uncased model (Wolf et al. 2019) and adopt its suggested
hyper-parameters. We only fine-tune the last four Trans-
former layers with AdamW optimizer. Early stopping is
used during pretraining with wait patience 20. For hyper-
parameters, k is set to 5, α is set to 0.8, β is set to 100 and τ
is set to 0.07. Training epochs for StackOverflow, BANKING
and CLINC dataset are set to {10, 20, 20}. The learning rate
for pretraining and training is set to 5e−5 and 1e−5, respec-
tively. For masked language modeling, the mask probability
is set to 0.15 following previous works. And SimCSE (Gao,
Yao, and Chen 2021) is used to generate augmented instances.

Query Category Selected Categories
Play Music Play Music, Next Song, Whisper
Timezone Timezone, Travel Alert, Time

Timer Alarm, Reminder Update, Time
Book Flight Flight Status, Book Hotel, Car Rental

Table 3: Examples of the top-3 similar categories.

Results and Discussion
Main Results. We show the results in Table 1. From the re-
sults we can get following observations. First, our model gets
the best performance on all evaluation metrics and datasets,
which can show the effectiveness of our model. Second, our
model achieves the best results on H-score (average 3.98%
improvement), which means that our model can better bal-
ance the performance on known and novel categories and
alleviate the effects of model bias towards known categories.
Third, our model achieves the best performance on accuracy
for known categories (average 0.84% improvement). Thanks
to the knowledge transfer and feature alignment mechanisms,
our model can form compact clusters and discriminative deci-
sion boundaries for known categories, which means that our
model can boost model performance on novel categories with-
out sacrificing the model performance on known categories.
Last but not least, our model achieves the best performance on
accuracy for novel categories (average 4.76% improvement).
We attribute the significant improvement to following rea-
sons. First, our knowledge transfer mechanisms (P2I Trans
and P2P Trans) can help to alleviate the effects of biased
knowledge transfer by calibrating the noisy prototypes and
forming clear decision boundaries for both known and novel
categories, where the calibrated prototypes can be used as
reliable learning targets for the subsequent training. Second,
our feature alignment mechanisms (I2P Align and I2I Align)
can alleviate the effects of noisy representation learning by
acquiring instance- and category-level knowledge simultane-
ously. And under the guidance of the calibrated prototypes,
our model can learn discriminative features to form compact
clusters with less noise.

Ablation Study. We inspect the contribution of different
components to our model on the BANKING dataset in Ta-
ble 2. First, removing different components from TAN de-
grades model performance on novel categories and H-score,
which can show the effectiveness of different components
towards mitigating the model bias to known categories and
boosting model performance on novel categories. Removing
components related to representation learning (I2I Align, I2P
Align and Lu) has the greatest impact on the performance,
which means that learning discriminative features is crucial
for novel categories. Second, removing P2I Trans and I2I
Align degrades model performance on known categories since
they are responsible for learning compact and discriminative
clusters for known categories. Even though removing some
components (P2P Trans, I2P Align and Lu) can improve
the performance on known categories, they can also greatly
exacerbate the model bias and degrade the performance on
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Figure 3: Average distance between the ground-truth proto-
types and the prototypes before and after calibration.

Dataset BANKING StackOverflow CLINC

Ground Truth 77 20 150
Ours 74 19 148

Table 4: Estimation of the number of categories.

novel categories. In summary, our model can balance model
performance on known and novel categories by mitigating
the model bias and learning discriminative features.

Prototype Calibration. We investigate the effectiveness of
our Prototype Calibration (P2P Trans) mechanism by answer-
ing the following questions. (1) Can prototype distances
measure semantic similarities between categories? In Ta-
ble 3, We show the top-3 selected known categories in Eq. (3)
for both known (Top) and novel (Bottom) categories, based
on the prototype distance. From the results we can see that
the selected categories are highly relevant to query categories,
which means that modeling categories with prototypes can
preserve semantic similarities between categories. And by
measuring distances between prototypes, we can transfer
knowledge between similar categories and calibrate the noisy
prototypes. (2) Can prototype calibration help to learn
better prototypes? In Fig. 3, we compare the average dis-
tance between the ground-truth prototypes and the prototypes
before and after calibration. We can see that our model can
learn prototypes that are closer to the ground-truth prototypes
after calibration, which means that the prototype calibration
can help to estimate more accurate and reliable prototypes.

Real-world Applications. In the real world, the number of
categories K is usually unknown. We show the robustness of
our model towards this real-world setting from two aspects.
(1) Number of categories estimation. We report the results
on estimating the number of categories with the filtering
algorithm (Zhang et al. 2021a) in Table 4. We can see that
our estimations come very close to the ground-truth number
of categories, which can show the effectiveness of our model.
(2) Over Clustering. To investigate the sensitivity of our
model to the number of categories, we over-estimate the
number of categories used for training and testing by a factor
of one point two. As shown in Table 1, our model (TAN (OC))
gets close performance even without knowing the ground-
truth number of categories, which can show the robustness

Method CLINC StackOverflow BANKING

PTJN 80.23 72.32 67.50
DPN 80.89 77.16 68.34
TAN (Ours) 82.67 81.37 69.05

Table 5: Accuracy of pseudo labels.

(a) Before Training (b) After Training

Figure 4: The t-SNE visualization of embeddings.

of our model towards the real-world settings.

Accuracy of Pseudo Labels. We report the accuracy of
pseudo labels generated by different models for unlabeled
data in Table 5. Our model gets the highest accuracy, so the
ratio of false pseudo labels ρ in the Sec. Theoretical Analysis
can be controlled by our model, which can verify the validity
of our theoretical analysis.

Visualization. We visualize the learned embeddings of our
model before and after training with t-SNE in Fig. 4. From
the figure we can see that novel categories are mixed together
before training. And the clusters are more distinguishable
after training, especially for novel categories, which indicates
that our model can learn discriminative features and form
distinguishable decision boundaries for different categories.

Conclusion

In this paper, we propose Transfer and Alignment Network
for GCD, which incorporates two knowledge transfer mecha-
nisms to mitigate the effects of biased knowledge transfer and
two feature alignment mechanisms to learn discriminative
features with less noise. By modeling different categories
with prototypes and transferring knowledge from labeled to
unlabeled data, our model can calibrate the noisy prototypes
for novel categories and learn more discriminative clusters
for known categories, which can help to mitigate the model
bias towards known categories. After knowledge transfer, our
model can acquire both instance- and category-level knowl-
edge by aligning instance features with both augmented fea-
tures and the calibrated prototypes, which can help to learn
more discriminative features and form more distinguishable
decision boundaries for different categories. Experimental
results on three benchmark datasets show that our model out-
performs SOTA methods, especially for model performance
on novel categories. And the theoretical analysis further jus-
tifies the effectiveness of our model.
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