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Abstract

Generalized Category Discovery (GCD) aims to recognize
both known and novel categories in an unlabeled dataset
by leveraging another labeled dataset with only known cate-
gories. Without considering knowledge transfer from known
to novel categories, current methods usually perform poorly
on novel categories due to the lack of corresponding supervi-
sion. To mitigate this issue, we propose a unified Knowledge
Transfer Network (KTN), which solves two obstacles to
knowledge transfer in GCD. First, the mixture of known and
novel categories in unlabeled data makes it difficult to iden-
tify transfer candidates (i.e., samples with novel categories).
For this, we propose an entropy-based method that leverages
knowledge in the pre-trained classifier to differentiate known
and novel categories without requiring extra data or parame-
ters. Second, the lack of prior knowledge of novel categories
presents challenges in quantifying semantic relationships be-
tween categories to decide the transfer weights. For this, we
model different categories with prototypes and treat their sim-
ilarities as transfer weights to measure the semantic simi-
larities between categories. On the basis of two treatments,
we transfer knowledge from known to novel categories by
conducting pre-adjustment of logits and post-adjustment of
labels for transfer candidates based on the transfer weights
between different categories. With the weighted adjustment,
KTN can generate more accurate pseudo-labels for unla-
beled data, which helps to learn more discriminative features
and boost model performance on novel categories. Exten-
sive experiments show that our method outperforms state-
of-the-art models on all evaluation metrics across multiple
benchmark datasets. Furthermore, different from previous
clustering-based methods that can only work offline with
abundant data, KTN can be deployed online conveniently
with faster inference speed. Code and data are available at
https://github.com/yibai-shi/KTN.

Introduction
Although current machine learning methods have achieved
impressive performance on many NLP tasks, they often fail
to meet requirements in the real world. For instance, general
text classification models trained on pre-defined categories
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Figure 1: Prediction entropy (bar) of pre-trained classifier
and corresponding mean value (dotted line) on BANKING
dataset. Green ones are for known categories, and blue ones
are for novel categories.

cannot discover novel categories from unlabeled corpus. To
cope with this limitation, many works in NLP (Lin, Xu, and
Zhang 2020; Zhang et al. 2021; An et al. 2023a) and CV
(Yu et al. 2022) were conducted, and Vaze et al. (2022) for-
malized the setting of these works as Generalized Category
Discovery (GCD). GCD aims to identify both known and
novel categories in unlabeled data, leveraging labeled data
with only known categories, which can help models tackle
unpredictable novel categories without extra labeling costs.

Existing GCD methods (Zhang et al. 2021; An et al.
2023b; Yu et al. 2022; Vaze et al. 2022) usually adopt
a two-stage training strategy: pre-training on labeled data,
then clustering unlabeled data with acquired knowledge in
a semi-supervised manner. However, without transferring
knowledge from known to novel categories, these methods
usually perform poorly on novel categories due to the lack
of corresponding supervision. Intuitively, although transfer-
ring knowledge from known to novel categories helps com-
pensate for the supervision, this transfer will be hindered
by two obstacles in GCD settings. The first is the ambiguity
of transfer candidates (i.e., samples with novel categories).
Considering the dilemma where known and novel categories
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are mingled in unlabeled data, the bias towards known cat-
egories brought by pre-training makes novel category sam-
ples easy to be confused with known category samples and
difficult to distinguish. The ambiguity of transfer candi-
dates causes redundant disturbance to the outputs of known
category samples, inevitably obscuring decision boundaries
within known categories. The second is the uncertainty of
transfer weights. Since different categories have intrinsic
semantic correlations (e.g., both dogs and foxes have thick
fur; thus dog features can help discover foxes but not unre-
lated cars), it is necessary to determine the transfer weights
to guide knowledge from known to novel categories with
similar semantics. However, due to the lack of information
such as ground-truth labels, it is difficult to directly measure
the semantic similarities between categories to decide the
transfer weights. The uncertainty of transfer weights leads
to negative transfer to dissimilar novel categories, inevitably
obscuring decision boundaries within novel categories.

To ensure an effective knowledge transfer, we propose
a Knowledge Transfer Network (KTN), which can suf-
ficiently transfer knowledge from known to novel cate-
gories. For the ambiguity of transfer candidates, we pro-
pose Entropy-based Soft Differentiation (ESD). As shown
in Figure 1, the mean entropy of the pre-trained classifier’s
predictions for novel category samples (blue bar) is much
higher than those for known category samples (green bar).
On this basis, we compare the prediction entropy of unla-
beled instances to differentiate known and novel categories
within them. To alleviate the negative effect of differentia-
tion noise brought by threshold-based hard differentiation,
we map the prediction entropy to the probability that a sam-
ple belongs to novel categories in order to identify transfer
candidates in a soft manner. For the uncertainty of transfer
weights, we model different categories with corresponding
prototypes in the embedding space and treat their similarities
as transfer weights to measure semantic similarities between
known and novel categories. After identifying the transfer
candidates and transfer weights, we transfer knowledge from
known to novel categories by adjusting the pseudo-label for
each candidate on logits and label level, based on the trans-
fer weights between different categories. With more accurate
pseudo-labels, KTN can learn more discriminative features
and boost model performance on novel categories.

Furthermore, different from previous clustering-based
methods that can solely work offline with abundant data,
KTN can be deployed online conveniently with faster infer-
ence speed.

Our main contributions can be summarized as follows:

• We first introduce the idea of explicit knowledge trans-
fer from known to novel categories and thus propose an
easy-to-deploy Knowledge Transfer Network (KTN) for
GCD, which can boost performance on novel categories
through adjusted pseudo-labels.

• We propose an entropy-based method (ESD) to iden-
tify transfer candidates and model categories with pro-
totypes to determine transfer weights, which avoids neg-
ative transfer to acquire better decision boundaries within
known and novel categories.

• We conduct extensive experiments on multiple bench-
mark datasets to verify the effectiveness of our method.

Related Work
Generalized Category Discovery
Generalized Category Discovery (GCD) is formalized by
(Vaze et al. 2022), which can be seen as a natural extension
of NCD (Han, Vedaldi, and Zisserman 2019) in the open
world. Different from NCD which has no category over-
lap between labeled and unlabeled data, GCD assumes that
known and novel categories are mingled in unlabeled data,
making models prone to overfit labeled known categories.
To tackle GCD, Lin, Xu, and Zhang (2020); Zhang et al.
(2021, 2022) utilized pair-wise similarity prediction, aligned
pseudo-labels, and neighborhood relationships in the em-
bedding space to cluster unlabeled data and discover novel
categories. Vaze et al. (2022) introduced supervised and self-
supervised contrastive learning to improve representation
quality, and (An et al. 2023b) proposed a decoupled proto-
typical network for better representation learning. Although
these methods can improve the performance on known cat-
egories, they still perform poorly on novel categories due to
the lack of supervision, which requires effective knowledge
transfer from known to novel categories.

Semi-Supervised Learning
Different from NCD or GCD, Semi-Supervised Learning
(SSL) assumes that labeled data and unlabeled data are com-
pletely coincident in category distribution. Consistency Reg-
ularization is a widely adopted strategy in SSL, which en-
forces models to output consistent predictions for different
augmentations of the same instance. For example, Laine
and Aila (2016) aggregated multiple previous predictions
as an augmentation of inputs, and Tarvainen and Valpola
(2017) replaced it with the outputs of an EMA model.
MixMatch (Berthelot et al. 2019b), ReMixMatch (Berthelot
et al. 2019a), and FixMatch (Sohn et al. 2020) adopted dif-
ferent sampling techniques and data augmentations to fur-
ther leverage the augmentation consistency. Although these
methods cannot be directly applied to GCD because of cat-
egory distribution misalignment between labeled and unla-
beled data, they are enlightening to help models learn dis-
criminative features with limited labeled data.

Method
Problem Formulation
Generalized Category Discovery (GCD) follows an open-
world setting, which aims to recognize both known cat-
egories Yk and novel categories Yn (Yk ∩ Yn = ∅)
with a labeled dataset with only known categories Dl =
{(xi, yi)|yi ∈ Yk} and an unlabeled dataset containing all
categories Du = {xi|yi ∈ Yk ∪ Yn}. Finally, the model
performance will be evaluated on the test set Dt = {xi|yi ∈
Yk ∪ Yn}.

Approach Overview
Figure 2 illustrates the overall architecture of our proposed
Knowledge Transfer Network (KTN). During the first-stage
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Figure 2: Overall architecture of Knowledge Transfer Network. xl is the labeled instance, xu1 and xu2 are different views of
the same unlabeled instance xu. z, l, y, and ỹ refer to the feature, logits, ground-truth label, and pseudo-label.

pre-training shown in I, we utilize cross-entropy loss and
masked language modeling loss to initialize the model. Dur-
ing the second-stage fine-tuning shown in II, we identify
transfer candidates with entropy-based differentiation in III
and obtain more accurate pseudo-labels with label adjust-
ment in IV. The model is trained with unified cross-entropy
loss on all training data.

Model Pre-training
We initialize the model with BERT encoder (Devlin et al.
2019) Fθ : X → Rd and the pre-trained classifier Fφ :
Rd → RK1 . Here d and K1 = |Yk| refer to the feature
dimensions and the number of known categories, respec-
tively. Following Zhang et al. (2022), we pre-train the model
with cross-entropy loss on labeled data to acquire knowledge
from known categories and masked language modeling loss
on all data to learn domain-specific semantics:

Lpre = Lcep(Dl) + Lmlm(Dl;Du) (1)

where Dl and Du are labeled and unlabeled training dataset,
respectively.

Classifier Initialization
After pre-training, we first perform KMeans clustering on
unlabeled data to get K cluster centroids as prototypes
to represent corresponding categories (Snell, Swersky, and
Zemel 2017), where K = |Yk ∪ Yn| is the number of total
categories. Following An et al. (2023b), we decouple known
and novel categories in prototypes and obtain prototype sub-
sets corresponding to known and novel categories {µki }

K1
i=1

and {µni }
K2
i=1 respectively, where K2 = |Yn| is the number

of novel categories. Then we fill the first K1 dimensions of
the prototype classifier with {µki }

K1
i=1 and fill remained K2

dimensions with {µni }
K2
i=1. Finally, we l2-normalize the pa-

rameters of the unified prototype classifier Fψ : Rd → RK
to complete initialization:

ψ =

[
µk1
∥µk1∥

, · · · ,
µkK1

∥µkK1
∥
,
µn1
∥µn1∥

, · · · ,
µnK2

∥µnK2
∥

]
(2)

Notably, we presume prior knowledge of K following pre-
vious works (Zhang et al. 2021; An et al. 2023b) for a fair
comparison.

Different from the utilization of decoupled prototypes in
An et al. (2023b) which aims at direct model training in
the embedding space and one-to-one knowledge transfer
within known categories, we adopt the decoupling strategy
so the prototype classifier can have a clear boundary be-
tween known and novel categories to achieve unambigu-
ous knowledge transfer. Moreover, the classifier can dis-
tinguish samples in an online manner with faster inference
speed compared with the offline clustering-based inference
adopted by previous methods.

Entropy-based Soft Differentiation
Considering the pre-trained classifier is solely developed
based on labeled known category data, it generally makes
biased predictions, which are high confidence for known cat-
egory instances but ambiguous for novel category instances.
Since the high confidence of prediction represents low in-
formation entropy and vice versa, we compare prediction
entropy to identify transfer candidates. Specifically, we first
compute the prediction entropy of current mini-batch sam-
ples with the frozen pre-trained classifier:

ei = −pi log pi (3)

where pi = SoftMax(Fφ(Fθ(xi))) is the posterior probabil-
ity distribution over known categories of the i-th sample xi,
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ei is the corresponding prediction entropy. Then, as shown
in Figure 2 III, instead of setting a fixed threshold to dif-
ferentiate known and novel categories in unlabeled data, we
map the entropy difference between the samples and their
mean value to the differentiation probability that a sample
belongs to novel categories:

ωi =
1

1 + e−(di−α∗dmax)
(4)

where di = ei − 1
B

∑B
j=1 ei is the entropy difference of xi,

B is the current mini-batch size, dmax is the maximum dif-
ference, α is a hyperparameter to adjust the probability. Our
proposed ESD retains the pre-trained classifier as the dis-
criminator of transfer candidates without requiring any extra
data or parameters. Moreover, compared with hard differen-
tiation, ESD can alleviate the negative effect of differentia-
tion noise among samples around the mean entropy.

Prototype-based Transfer Weights
Due to the lack of prior information such as ground-truth la-
bels, intrinsic semantic correlations between categories can-
not be directly quantified, which hinders effective knowl-
edge transfer to novel categories with similar semantics. To
this end, we propose to compute normalized cosine similar-
ities between category prototypes to measure semantic sim-
ilarities between known and novel categories:

Pij =
ecos(µ

k
i ,µ

n
j )/τ1∑K2

k=1 e
cos(µk

i ,µ
n
k )/τ1

(5)

where Pij denotes the similarity between i-th known cat-
egory prototype and j-th novel category prototype, τ1 is
a temperature hyperparameter. For the simplicity of subse-
quent representations, we zero-pad the semantic similarity
matrix P̂ ∈ RK×K

+ as below:

P̂ =

[
0K1×K1

P
0K2×K1

0K2×K2

]
(6)

Since higher semantic similarity means higher transferabil-
ity, prototype-based transfer weights clarify target cate-
gories, avoiding negative transfer to semantically dissimilar
novel categories. For simplicity, we solely compute the se-
mantic similarity matrix once before the second-stage fine-
tuning.

Label Adjustment
After identifying the transfer candidates and transfer
weights, we adjust the pseudo-label assignment for each
candidate on logits and label level. First, we extract sam-
ple feature zi = Fθ(xi) and obtain corresponding logits
li = Fψ(zi) by the prototype classifier. For each candidate,
we select top-m values in logits belonging to known cate-
gories as our transfer outsets since their corresponding cat-
egories generally have the most similar semantics with the
novel category to be discovered, which confuses discrimina-
tion of the classifier. We denote the index matrixQ ∈ RB×K

+
of transfer outsets as:

Qij =

{
1, j ∈ argtopm({lik}K1

k=1)

0, otherwise
(7)

Dataset |Yk| |Yn| |Dl| |Du| |Dt|
BANKING 58 19 673 8330 3080
CLINC 113 37 1344 16656 2250
HWU64 48 16 578 7134 1033

Table 1: Statistics of datasets. |Yk|, |Yn|, |Dl|, |Du| and |Dt|
represent the number of known categories, novel categories,
labeled data, unlabeled data, and test data.

where argtopm contains the index of top-m values. Second,
as shown in Figure 2 IV, we reduce the selected values in
li in proportion to the differentiation probability and com-
pensate them to logits belonging to novel categories based
on transfer weights. We denote the transfer process on logits
level as:

L̃ = L−W (Q⊗ L) +W (Q⊗ L)P̂

= L+W (Q⊗ L)(P̂ − I)
(8)

where L = [l1, · · · , lB ]⊤ ∈ RB×K
+ is the logtis matrix of

current mini-batch samples, andW = diag(w1, · · · , wB) ∈
RB×B

+ is the differentiation probability matrix.
To avoid degenerate solutions, we transform pseudo-label

assignment to an instance of optimal transport following
Asano, Rupprecht, and Vedaldi (2019), which helps generate
pseudo-labels online with adjusted logits:

max
Y ∈Y

Tr(Y L̃) + ϵH(Y ) (9)

where Y ∈ R+
B×K is the mapping matrix, ϵH(Y ) =

−ϵ
∑
ij Yij log Yij is the weighted entropy term that en-

forces the equipartition of samples. The mapping matrix is
constrained by the following transportation polytope Y:

Y =

{
Y ∈ RB×K

+ |Y ⊤1B =
1

K
1B , Y 1K =

1

B
1K

}
(10)

where 1K denotes the vector of ones in dimension K. We
utilize the Sinkhorn-Knopp algorithm (more details can be
referred to Cuturi (2013)) to obtain the optimal mapping Y ∗

as our pseudo-labels.
In order to further eliminate the ambiguity between

known and novel categories for pseudo-labels, apart from
pre-adjustment on logits level, we also perform post-
adjustment on label level. Specifically, we adopt the same
adjustment strategy as Eq. 8 to conduct post-adjustment:

Ỹ = Y ∗ +W (Q⊗ Y ∗)(P̂ − I) (11)

Then, the pseudo-label whose largest novel category prob-
ability falls above a pre-defined threshold γ is converted to
a one-hot label, which helps make high-confidence predic-
tions for transfer candidates.

Our proposed label adjustment strategy effectively trans-
fers knowledge from known to novel categories, which can
help KTN 1) overcome bias to known categories with selec-
tive logits/probabilities reduction and 2) avoid discrimina-
tion confusion within novel categories with weighted logit-
s/probabilities compensation.
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Method BANKING HWU64 CLINC

All Known Novel All Known Novel All Known Novel

DeepCluster 13.95 13.94 13.99 16.24 17.04 13.84 26.92 27.34 25.67
DCN 17.85 18.94 14.35 20.37 21.63 16.59 29.64 30.00 28.45
DEC 19.30 20.36 15.84 21.63 23.47 16.11 19.99 20.18 19.40
GloVe-KM 29.18 29.11 29.39 35.42 35.08 36.44 51.64 51.74 51.50
SAE-KM 38.05 38.29 37.27 42.26 44.53 35.45 46.59 47.35 44.24

Semi-DC 50.73 53.37 42.63 52.91 54.41 48.42 74.52 75.60 71.34
CDAC+ 53.09 55.42 46.01 56.82 58.14 52.86 69.75 70.08 68.77
DTC 56.56 59.98 46.10 62.56 64.94 55.42 76.42 82.34 58.95
Semi-KM 66.23 73.62 43.68 71.71 82.32 39.69 81.42 89.03 59.01
DAC 63.63 69.60 45.44 72.09 77.55 55.64 84.42 89.10 70.59
GCD 67.55 75.16 44.34 73.64 78.58 58.82 79.26 89.64 48.66
DPN 72.96 80.93 48.60 74.29 78.84 60.64 89.06 92.97 77.54

KTN (Ours) 77.93 83.85 60.18 (+11.58) 81.32 84.41 72.07 (+11.43) 91.28 94.43 81.84 (+4.3)

Table 2: Average results (%) over 3 runs on test sets.

Overall Training Objective
For unlabeled instance xui , we retain the original input as
first view xu1i and generate second view xu2i with data aug-
mentation. Their corresponding pseudo-labels ỹu1i and ỹu2i
are obtained by Label Adjustment. To alleviate overfitting
and improve prediction robustness, we enforce consistency
between two views from feature level with infoNCE loss:

Lcl = −
Bu∑
i=1

log
exp(zu1i · zu2i /τ2)∑

j 1[j ̸=i] exp(z
u1
i · zu2j /τ2)

(12)

and consistency from label level with swapped prediction:

Lceu = −
Bu∑
i=1

ỹu1i · log(pu2i )−
Bu∑
i=1

ỹu2i · log(pu1i ) (13)

where zu1i and zu2i are embeddings obtained by Fθ, pu1i and
pu2i are predictions obtained by Fϕ, τ2 is a temperature hy-
perparameter, Bu is the mini-batch of unlabeled instances.
To avoid catastrophic forgetting of known categories, we
also add cross-entropy loss on labeled data:

Lcel = −
Bl∑
i=1

yli · log(pli) (14)

where Bl is the mini-batch of labeled instances, yli is the
ground-truth label of xli. Overall, the training objective of
KTN is formulated as follows:

LKTN = λ1Lceu + (1− λ1)Lcel + λ2Lcl (15)

where λ1 and λ2 control the weights of losses.

Experiments
Datasets
We evaluate our method on three benchmark datasets.
BANKING is a fine-grained intent classification dataset re-
leased by Casanueva et al. (2020). CLINC is a multi-domain

intent classification dataset released by Larson et al. (2019).
HWU64 is a personal assistant query classification dataset
released by Liu et al. (2021). More details of these datasets
are summarized in Table 1.

Comparison Methods
We compare our method with various baselines and state-of-
the-art methods.
Unsupervised Methods. GloVe-KM: KMeans with GloVe
embeddings (Pennington, Socher, and Manning 2014);
SAE-KM: KMeans with embeddings learned by stacked
auto-encoder; DEC: Deep Embedded Clustering (Xie, Gir-
shick, and Farhadi 2016); DCN: Deep Clustering Network
(Yang et al. 2017); DeepCluster: Deep Clustering (Caron
et al. 2018).
Semi-supervised Methods. Semi-KM: KMeans with BERT
pretrained on labeled data; Semi-DeepCluster: Deep Clus-
tering pretrained on labeled data; DTC: Deep Transfer Clus-
tering (Han, Vedaldi, and Zisserman 2019); CDAC+: Con-
strained Adaptive Clustering (Lin, Xu, and Zhang 2020);
DAC: Deep Aligned Clustering (Zhang et al. 2021); GCD:
Label Assignment with Semi-supervised KMeans (Vaze
et al. 2022); DPN: Decoupled Prototypical Network (An
et al. 2023b).

Evaluation Metrics
We adopt three metrics to evaluate the model perfor-
mance: classification accuracy for known category instances
(Known), clustering accuracy for novel category instances
(Novel), and the overall accuracy across the test set (All).

Implementation Details
We use the pre-trained BERT model (bert-base-uncased) as
our backbone and AdamW optimizer with 0.01 weight de-
cay. During pre-training, we adopt an early-stopping strat-
egy with a patience of 20 epochs. Furthermore, we retain
the pre-trained encoder and classifier as our discriminator of
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Method All Known Novel

KTN 77.93 83.85 60.18

w/o infoNCE loss Lcl 77.48 83.44 59.96
w/o swapped prediction 77.29 82.53 61.57
w/o CE loss Lcel 72.64 75.03 65.48
w/o classifier initialization 72.21 82.12 42.47
w/o label adjustment 71.98 84.07 35.71

Table 3: Ablation results (%) of different model variants.

logits- label- ESD SW All Known Novel

✗ ✓ ✓ ✓ 76.68 84.86 52.12
✓ ✗ ✓ ✓ 74.44 84.21 45.13

✓ ✓ ✗ ✗ 73.21 77.16 61.32
✓ ✓ ✗ ✓ 74.06 77.04 65.12
✓ ✓ ✓ ✗ 76.70 83.21 57.16

✓ ✓ ✓† ✓ 77.05 82.34 61.18

✓ ✓ ✓ ✓ 77.93 83.85 60.18

Table 4: Ablation results (%) of the label adjustment strat-
egy. † means hard differentiation by a fixed threshold.

known and novel categories. During the second-stage fine-
tuning, we set α = 1 in Eq. 4 to determine the differentiation
probability, τ1 = 1 in Eq. 5 to determine semantic weights
between different categories, m = 1 in Eq. 7 as the num-
ber of transfer outsets, γ = 0.5 to filter high-confidence in-
stances with novel categories, τ2 = 0.07 in Eq. 12 and loss
weights {λ1, λ2} = {0.7, 0.01} in Eq. 15 to balance differ-
ent losses. Moreover, we adopt random token replacement
(Zhang et al. 2022) as data augmentation for second view
generation. For other general hyperparameters, the learning
rate is set to 5e−5, training epochs are set to 80, and the
batch size of labeled and unlabeled instances is set to 128 for
all datasets equally. For the implementation of the Sinkhorn-
Knopp algorithm, we inherit all parameters from Caron et al.
(2020) directly.

Results and Discussion
Main Results
The main results are shown in Table 2. Our proposed KTN
outperforms previous methods on all evaluation metrics and
benchmark datasets by a large margin. The 4.97%, 7.03%,
and 2.22% improvement on overall accuracy reflect the ef-
fectiveness of our method, which strikes a balance between
known and novel categories. Specifically, KTN outperforms
the SOTA model by 2.92%, 5.57%, and 1.46% on accu-
racy for known category instances. Apart from the cross-
entropy loss on labeled data, this improvement can also be
attributed to KTN identifying transfer candidates, which re-
duces redundant disturbance to instances with known cat-
egories and avoids the ambiguity of decision boundaries
within known categories. More importantly, KTN achieves
11.58%, 11.43%, and 4.3% improvement on accuracy for

Figure 3: Pseudo-label accuracy (%) w/ and w/o label ad-
justment on BANKING dataset.

novel category instances compared with the SOTA model,
which fully demonstrates that our label adjustment strategy
based on transfer candidates and semantic weights effec-
tively transfer knowledge from known to novel categories
to compensate for the supervision for novel categories.

Ablation Study
The performance of different model variants on BANKING
is shown in Table 3. All components affect model perfor-
mance more or less. Specifically, 1) removing infoNCE loss
Lcl (Eq. 12) or swapped prediction in Eq. 13 slightly hinders
model learning discriminative features; 2) removing CE loss
on labeled data (Eq. 14) leads to 8.82 % decline on accu-
racy for known category instances due to catastrophic for-
getting; 3) removing classifier initialization (Eq. 2) degrades
performance on novel categories (17.71 %) owing to the un-
clear boundary in classifier hindering knowledge transfer. 4)
removing label adjustment strategy (Eq. 8 and Eq. 11) seri-
ously impairs knowledge transfer from known to novel cat-
egories, resulting in 24.47% decline on accuracy for novel
category instances;

Analysis of Label Adjustment
Since Label Adjustment helps knowledge transfer, we fur-
ther investigate the effect of different components on Bank-
ing: pre-adjustment of logits, post-adjustment of pseudo-
labels, transfer candidates based on ESD, and prototype-
based transfer weights. The ablation results shown in Ta-
ble 4 indicate that all components contribute to the overall
accuracy. In detail, 1) removing either adjustment on log-
its or label level seriously degrades the clustering accuracy
for novel categories, which demonstrates the effectiveness
of adjusted pseudo-labels in knowledge transfer; 2) treating
all unlabeled instances as transfer candidates instead of ESD
impairs performance on known categories due to ambigu-
ous decision boundaries within known categories brought
by redundant disturbance; 3) replacing semantic similarities
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Figure 4: Influence of known category ratio on HWU64 dataset.

(a) Semi-KM (b) DAC

(c) DPN (d) KTN

Figure 5: The t-SNE visualizations of embeddings.

with uniform distribution as transfer weights obscures deci-
sion boundaries within novel categories, impairing perfor-
mance on novel categories; 4) utilizing mean entropy as a
fixed threshold to differentiate unlabeled data degrades per-
formance on known categories owing to the negative transfer
to noisy instances with known categories.

Quality of Pseudo-labels
Figure 3 intuitively reflects the change of pseudo-label qual-
ity on BANKING. In detail, with our proposed adjustment
strategy, the overall accuracy of pseudo-labels is continu-
ously improved with the training progress (orange area), es-
pecially the accuracy on novel categories (blue area). This
experimental phenomenon illustrates that KTN effectively
transfers knowledge from known to novel categories to com-
pensate for the supervision of novel categories.

Effect of Known Category Ratio
To investigate the influence of the known category ratio on
model performance, we vary it in the range of 0.25, 0.50,

Method BANKING HWU CLINC

DAC 17.68 4.34 15.92
KTN 3.12 0.39 1.12

Table 5: Efficiency (sec.) comparison of model inference.

and 0.75. As shown in Figure 4, our method achieves com-
parable or best performance under different settings on all
evaluation metrics, which fully demonstrates the effective-
ness and robustness of KTN.

Feature Visualization
As shown in Figure 5, we use t-SNE to visualize embedding
learned by different methods on CLINC dataset (15 fine-
grained categories under the same coarse-grained category).
The visualization results clearly show more separable and
compact feature distributions compared with other methods,
which fully demonstrates the effectiveness of KTN.

Comparison of Inference Efficiency
Table 5 illustrates the time cost of inference with differ-
ent methods across benchmark datasets. Different from the
clustering-based inference that must traverse abundant data
offline multiple times, KTN can complete online inference
for any number of samples by solely one forward propaga-
tion, which significantly reduces the average inference time.

Conclusion
In this paper, we first introduce the idea of explicit knowl-
edge transfer from known to novel categories and pro-
pose a Knowledge Transfer Network (KTN) for GCD. Fur-
thermore, we creatively use the prediction entropy of the
pre-trained classifier (ESD) to identify transfer candidates
and determine prototype-based transfer weights to measure
semantic similarities between categories, which help ad-
just pseudo-labels to learn more discriminative features and
boost performance on novel categories. Experimental results
on multiple datasets illustrate that KTN outperforms SOTA
methods by a large margin.
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