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Abstract

Generalized Category Discovery is a significant and complex
task that aims to identify both known and undefined novel cate-
gories from a set of unlabeled data, leveraging another labeled
dataset containing only known categories. The primary chal-
lenges stem from model bias induced by pre-training on only
known categories and the lack of precise supervision for novel
ones, leading to category bias towards known categories and
category confusion among different novel categories, which
hinders models’ ability to identify novel categories effectively.
To address these challenges, we propose a novel framework
named Self-Debiasing Calibration (SDC). Unlike prior meth-
ods that regard model bias towards known categories as an
obstacle to novel category identification, SDC provides a novel
insight into unleashing the potential of the bias to facilitate
novel category learning. Specifically, we utilize the biased
pre-trained model to guide the subsequent learning process
on unlabeled data. The output of the biased model serves two
key purposes. First, it provides an accurate modeling of cate-
gory bias, which can be utilized to measure the degree of bias
and debias the output of the current training model. Second,
it offers valuable insights for distinguishing different novel
categories by transferring knowledge between similar cate-
gories. Based on these insights, SDC dynamically adjusts the
output logits of the current training model using the output
of the biased model. This approach produces less biased log-
its to effectively address the issue of category bias towards
known categories, and generates more accurate pseudo labels
for unlabeled data, thereby mitigating category confusion for
novel categories. Experiments on three benchmark datasets
show that SDC outperforms SOTA methods, especially in the
identification of novel categories.

Code — https://github.com/Lackel/SDC

Introduction

Unlike humans who can transfer previously acquired knowl-
edge to new concepts, most deep learning models fail to
recognize new categories due to their closed-world assump-
tion that training and test data come from the same predefined
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Figure 1: Four types of GCD errors. For instance, Novel-
Novel Error indicates samples from novel categories are mis-
classified into wrong novel categories.

categories. The assumption limits their applications in numer-
ous practical tasks such as intent detection (Shi et al. 2023;
An et al. 2024c¢) and image categorization (Vaze, Vedaldi, and
Zisserman 2024; Rastegar, Doughty, and Snoek 2024), where
well-trained models may encounter unlabeled data from pre-
viously unseen novel categories. To address the requirements
of open-world scenarios, Generalized Category Discovery
(GCD) has been proposed and extensively studied in both
NLP (An et al. 2023c; Zhang et al. 2024a) and CV fields
(Zhao et al. 2024; Lin et al. 2024a,b). GCD aims to recognize
both known and novel categories from unlabeled data, using
only a few labeled samples from known categories. This task
enables models to adapt to an increasing number of novel
categories without incurring additional labeling costs.

To address GCD, existing research (Zhong et al. 2021; Shi
et al. 2024; An et al. 2024b) typically begins with pre-training
models on labeled data tailored to specific tasks. However,
in the absence of labeled data for novel categories, the pre-
trained models exhibit a strong bias towards known ones,
resulting in the misclassification of samples from novel cate-
gories into known ones. To alleviate this issue, existing work
fine-tunes the pre-trained models on unlabeled data through
pseudo-label training (Zhang et al. 2021a), contrastive learn-
ing (Vaze et al. 2022; An et al. 2023c¢), and transfer learning
(Shi et al. 2024; An et al. 2024b). Despite performance im-
provements, these models still struggle with identifying novel
categories due to inherent model bias towards known cate-
gories and the lack of supervision for novel ones.

In this paper, we first provide a novel insight into the model



bias towards known categories: Can we leverage this bias
to enhance model performance on novel categories, rather
than simply mitigate it like previous methods? This insight
may seem counter-intuitive since model bias is generally
perceived as detrimental to novel categories. To explore this
question, we first delve into the source of errors in GCD and
mainly focus on errors for novel categories. As shown in Fig.
1, the error for novel categories can be divided into two parts:
samples misclassified into known categories and samples mis-
classified into other novel categories. The former primarily
arises from category bias towards known categories induced
by pre-training (Zhang et al. 2022), while the latter is largely
due to category confusion among novel categories resulting
from the absence of supervision.

To mitigate the issues of category bias and category confu-
sion, we propose a novel framework named Self-Debiasing
Calibration (SDC) with the insight of unleashing the potential
of model bias to enhance model performance on novel cate-
gories. Specifically, SDC first investigates the question: What
can we learn from the biased model pre-trained on labeled
data for subsequent training on unlabeled data? On the one
hand, the output of the biased model provides an accurate
representation of model bias, which can precisely measure
the degree of bias and be utilized to debias the output of the
current training model, thereby recovering less biased predic-
tions for unlabeled data. This insight suggests that category
bias itself can be harnessed to mitigate the issue of category
bias. On the other hand, the output of the biased model of-
fers insightful hints for distinguishing between different
novel categories by transferring knowledge between similar
categories. For example, given the known categories ‘dog’
and ‘goose’, and the novel categories ‘cat’ and ‘duck’, if the
biased model predicts a sample as ‘dog’, then the sample
is more likely to be a ‘cat’ than a ‘duck’ due to the greater
similarity between cats and dogs. This example shows that
predictions from the biased model can help mitigate the is-
sue of category confusion among novel categories. Based on
the two insights, SDC dynamically adjusts the output logits
of the current training model using the output of the biased
model, which can help to produce less biased logits and more
accurate pseudo labels for unlabeled data, thereby effectively
addressing the issues of category bias and category confu-
sion. To avoid punishing instances from known categories
in unlabeled data, we employ an entropy-based weighting
mechanism (Shi et al. 2024) to effectively distinguish be-
tween known and novel categories. Furthermore, thanks to
the classifier-based architecture, SDC can perform online
inference with greater convenience and lower inference la-
tency compared to previous clustering-based methods (An
et al. 2024b). Experiments conducted on three benchmark
datasets demonstrate that SDC outperforms SOTA methods,
particularly in the accurate identification of novel categories.

Our main contributions can be summarized as follows:

* We provide a novel insight into unleashing the potential

of model bias to mitigate category bias and category con-
fusion for novel categories in GCD.

* We introduce Self-Debiasing Calibration (SDC), which
incorporates two logit adjustment techniques to effectively
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leverage model bias for learning novel categories.

» Experiments demonstrate that our model outperforms
SOTA methods, especially in identifying novel categories.

Related Work
Generalized Category Discovery

Generalized Category Discovery (GCD) is a critical and chal-
lenging task in the open-world setting, which posits that
the encountered unlabeled data contain unseen novel cate-
gories (Vaze et al. 2022; An et al. 2023c) or fine-grained
categories (An et al. 2022, 2023b). Previous models have
predominantly utilized pre-training on labeled data for model
initialization. Nevertheless, the pre-trained model tends to
be biased towards known categories due to the absence of
supervision for novel ones (An et al. 2024b). To address
model bias and enhance the acquisition of knowledge about
novel categories from unlabeled data, prior models have in-
corporated pseudo-label training (Xie, Girshick, and Farhadi
2016; Zhang et al. 2021a), contrastive learning (Vaze et al.
2022; An et al. 2023c), and transfer learning (An et al. 2024b;
Zhang et al. 2024b) methods. For instance, An et al. (2024a)
implemented neighborhood contrastive learning with the help
of LLMs to improve representation learning for unlabeled
data. Shi et al. (2024) proposed transferring knowledge from
known to novel categories through label adjustment, while
An et al. (2024b) employed category prototypes to measure
category similarities and facilitate knowledge transfer. De-
spite the improved performance on known categories, these
methods exhibit sub-optimal performance on novel categories
due to persistent model bias and the lack of supervision.

Logit Adjustment

Logit adjustment seeks to mitigate issues related to model
bias towards specific output by modifying the logits. This
technique is widely employed in scenarios involving long-
tailed learning (Menon et al. 2020) and zero-shot learning
(Chen et al. 2022). For example, Cui et al. (2019) proposed
a class-balanced loss based on the effective number of sam-
ples, where logit adjustment is applied to counteract the class
bias. Zhao et al. (2022) developed a novel adaptive logit
adjustment loss that considers both the quantity and diffi-
culty of data. In the context of zero-shot learning, Chen et al.
(2022) exploited semantic priors in logit adjustment to ac-
quire knowledge about unseen categories. Additionally, Gi-
daris and Komodakis (2018) introduced a dynamic few-shot
learning approach where the logits of novel categories are
adjusted to enhance performance on these categories. For
GCD, Shi et al. (2024) proposed transferring logits and labels
from known to novel categories to mitigate prediction bias.
Despite the improved performance, these methods struggle to
reconstruct unbiased logits relying only on the original ones.

Method

Problem Formulation. Models trained on a labeled dataset
D! = {(@i,y:) | yi € Vi} are proficient at identifying prede-
fined known categories ). However, in real-world scenarios,
these models often encounter unlabeled data D* = {x; |
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Figure 2: The overall framework of our model, which mainly contains Bias Mitigation, Confusion Mitigation, and Entropy-based
Weighting. © means subtracting the biased logits from the original ones for known categories, while & means adding the transfer
logits to the original ones for novel categories. g is the generated pseudo label utilizing the calibrated logits.

yi € VpUJY,} that encompasses both known categories
Vi and novel categories )V, (Vx N YV, = 0), potentially
leading to identification failure. To overcome this challenge,
Generalized Category Discovery (GCD) requires models to
recognize both known and novel categories based on D!
and D", despite the absence of annotations for the novel
categories. We denote the number of known categories as
M = |V, the number of novel categories as N = |)),,|, and
the total number of categories as K = |V U ), |. Finally,
the model’s performance will be evaluated on a testing set
D' = {(x4,¥:) | yi € Yk U Yy} in an inductive manner.

Framework Overview. To address category bias and con-
fusion for GCD, we design Self-Debiasing Calibration
(SDC), depicted in Fig. 2. Initially, we conduct pre-training
on labeled data to obtain a biased backbone f;,s and a biased
classifier gy;qs. Subsequently, we initialize a trainable back-
bone fp with a trainable classifier g4 to learn from unlabeled
data. We then refine the original logits from the trainable
classifier by utilizing logits from the biased classifier, thereby
producing less biased logits. To mitigate category bias, we
subtract the biased logits from the original ones for known
categories. Conversely, for novel categories, we add transfer
logits to the original ones, where the transfer logits are cal-
culated via the biased logits and a transfer matrix grounded
in category similarities. Additionally, to prevent penalizing
samples from known categories in unlabeled data, we imple-
ment a weighting mechanism based on the output entropy of
the biased classifier. Following logit adjustment, we generate
pseudo labels for unlabeled data utilizing the calibrated logits
through the Sinkhorn-Knopp (S-K) algorithm.

Model pre-training and Initialization

Model pre-training. We employ the pre-trained Bert (De-
vlin et al. 2018) as our backbone and utilize a linear layer as
the classifier. To adapt the pre-trained model for the down-
stream GCD task, we apply cross-entropy (CE) loss on

labeled data and masked language modeling (MLM) loss
(Zhang et al. 2021b) on unlabeled data for pre-training. The
CE loss facilitates the learning of domain-specific knowledge,
while the MLM loss aids in acquiring general knowledge.
Given that the labeled data encompasses only known cate-
gories, the pre-trained model and classifier can exhibit signif-
icant bias towards these categories (Shi et al. 2024; An et al.
2024b). Therefore, we denote them as the biased backbone
frias : X — R< and the biased classifier bias R — RM,
where d represents the feature dimension and M is the num-
ber of known categories.

Model Initialization. After pre-training, we freeze the pa-
rameters of fp;qs and gpiqs to guide subsequent training. We
then employ another trainable backbone fy : X — R<, along
with a trainable classifier gy : R — RE for model training,
where 6 and ¢ are learnable parameters, and K represents
the total number of categories. The parameters of fy are
initialized using those of fy;,5. Given the absence of parame-
ters for novel categories, we initialize the parameters of g
with category prototypes. Specifically, we perform KMeans
clustering on the unlabeled data and treat the cluster centers
as prototypes. To align the indices of known categories in
Jvias and gg, we employ an alignment algorithm following
An et al. (2023c). Subsequently, g4 is initialized with the
¢y-normalized aligned prototypes: g4 = [c1, ..., CM, .-, CK],
where the indices from 1 to M correspond to the prototypes
of known categories and the indices from M + 1 to K corre-
spond to the prototypes of novel categories.

Self-Debiasing through Logit Adjustment

Without fine-tuning for novel categories, fg and g4 can ex-
hibit significant bias towards known categories. This bias can
be exacerbated if the output of the biased model is used for
training, thus necessitating the adjustment of the biased out-
put to provide more accurate supervision for unlabeled data.
In this section, we introduce two methods to calibrate the
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original logits based on the biased logits, aimed at mitigating
category bias and category confusion, respectively. To pre-
vent penalizing samples from known categories, we employ
an entropy-based weighting mechanism, which effectively
distinguishes samples from known and novel categories.

Category Bias Mitigation. Models pre-trained on labeled
data with only known categories often exhibit bias and over-
confidence toward these categories (An et al. 2024b). As a
result, samples from novel categories within unlabeled data
are frequently misclassified into known categories (Shi et al.
2024). This issue, referred to as category bias, can signifi-
cantly impede the model’s ability to learn novel categories
from unlabeled data and adversely affect its performance on
these categories. A simple approach to mitigate category bias
involves subtracting a penalty factor from the logits of all
known categories. However, this indiscriminate penalization
does not account for the varying degrees of bias among dif-
ferent known categories, potentially leading to sub-optimal
outcomes with either insufficient or excessive penalties. To
address these limitations, we propose to leverage the output
logits of the biased model, which can accurately measure
the degree of category bias and offer a precise representa-
tion of category bias. By contrasting the logits of the current
model with those of the biased model, our approach can fa-
cilitate the generation of less biased predictions and more
accurate pseudo-labels for model training. Specifically, given
the logits Ly from the current model and the biased logits
Lpias from the biased model, the logits after category bias
mitigation can be expressed as follows:

Lo = g4(fo(2)) 9]
Lpias = gbias(fbias (1‘)) (2)
Lesm = Lg [0 M] — o - Lipjas 3

where fg and g4 represent the current trainable backbone and
classifier, fp;qs and gpiqs denote the frozen biased backbone
and classifier, z is the input instance, and « is a weighting
factor. Ly [: M] means the first M elements of Ly that corre-
spond to known categories.

Category Confusion Mitigation. Although Category Bias
Mitigation (CBM) can reduce model bias towards known
categories, distinguishing between different novel categories
remains challenging due to the lack of supervision, which re-
sults in close logits for these categories. This issue, referred to
as category confusion, can easily lead models to misclassify
instances from novel categories into wrong novel categories.
To address this issue, we propose to transfer knowledge from
known categories to novel ones with the help of the biased
model. The outputs of the biased model provide valuable in-
sights for differentiating novel categories by considering sim-
ilarities between known and novel categories. For instance,
an instance from novel categories is more likely to be a ‘cat’
rather than a ‘duck’ if the biased model predicts it as a ‘dog’,
given the higher similarity between cats and dogs. Specifi-
cally, we use prototypes to measure category similarities, and
the transfer matrix T is calculated as follows:
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where {c1,...,cm} and {epy1, -, CMvpN | are prototypes
for known and novel categories, respectively. M and N are
the number of known and novel categories, respectively. We
normalize T along each row to obtain the transfer probabili-
ties of each known category to novel categories. The logits
after Category Confusion Mitigation can be expressed as:

Leom = Lo [M ] +a-T" X Lpjas (5)

where Ly [M :] means the last N elements of Ly that corre-
spond to novel categories. Combining category bias mitiga-
tion and category confusion mitigation, the final calibrated
logits can be obtained by concatenating the two logits:

(©)

L. = [LeewM, Leom]

Entropy-based Weighting

Given that the unlabeled dataset contains both known and
novel categories, the logit adjustment might penalize in-
stances from known categories, thus degrading model perfor-
mance on these categories. Therefore, distinguishing between
known and novel categories in unlabeled data and setting the
adjustment weight « appropriately is crucial for balancing
model performance across different categories. Inspired by
the findings of Shi et al. (2024), we use the entropy of the
biased logits as an indicator to differentiate samples from
known or novel categories and decide the adjustment weights.
As shown in Fig. 3, samples from known categories exhibit
low entropy because the biased model is confident in these
categories. Conversely, samples from novel categories exhibit
high entropy since the biased model has not encountered
these types of samples before, resulting in relatively uniform
logits. Based on these insights, we employ the entropy of
each instance as the weighting factor o for CBM and CCM.
The entropy E; for each instance z; is calculated as follows:

E=- Zpij log pi; @)
J

where p; = Softmax(Ly;qs(2;)) is the probability distribu-
tion for instance x; from the biased model. The weighting
factor «; for instance x; is then defined as:



Method BANKING HWU64 CLINC

H-score Known Novel H-score Known Novel H-score Known Novel
DeepCluster 13.97 13.94 13.99 15.27 17.04 13.84 26.48 27.34 25.67
DCN 16.33 18.94 18.78 29.22 21.63 16.59 29.20 30.00 28.45
DEC 17.82 20.36 15.84 19.11 23.47 16.11 19.78 20.18 19.40
BERT 21.08 21.48 20.70 32.00 36.65 28.40 34.05 34.98 33.16
GloVe 29.25 29.11 29.39 35.75 35.08 36.44 51.62 51.74 51.50
SAE 37.77 38.29 37.27 39.47 44.53 3545 45.74 47.35 44.24
GPT-3.5 17.62 62.24 10.26 28.30 72.39 17.59 26.64 61.29 17.02
GPT-4 26.20 80.13 15.66 33.80 80.39 21.40 26.39 90.77 15.44
Simple 40.52 49.96 34.08 - - - 62.76 70.60 56.49
Semi-DC 47.40 53.37 42.63 51.24 54.41 48.42 73.41 75.60 71.34
CDAC+ 50.28 55.42 46.01 55.37 58.14 52.86 69.42 70.08 68.77
DTC 52.13 59.98 46.10 59.80 64.94 55.42 68.71 82.34 58.95
Semi-KM 54.83 73.62 43.68 69.11 80.30 60.66 70.98 89.03 59.01
DAC 54.98 69.60 45.44 64.79 77.55 55.64 78.77 89.10 70.59
GCD 55.78 75.16 44 .34 67.28 78.58 58.82 63.08 89.64 48.66
PTIN 60.69 77.20 50.00 - - - 83.34 91.79 76.32
DPN 60.73 80.93 48.60 72.55 79.77 66.52 84.56 92.97 77.54
TAN 66.70 81.97 56.23 70.68 80.68 62.89 87.02 93.39 81.46
KTN 68.20 81.65 58.55 76.34 80.15 72.88 86.13 93.93 79.53
SDC (Ours) 70.11 82.16 61.14 79.81 82.08 77.66 87.65 94.12 82.02

Table 1: Average results (%) over 3 runs on the testing sets. The best performance is highlighted in bold.

a; = - Sigmoid(E; — Eyax) ®)

where (3 is a fixed weighting factor, and E,,,, is the max-
imum entropy in the current batch of data. The Sigmoid
function helps in scaling the entropy difference.

Discussion

Different from previous work that treats model bias towards
known categories as detrimental to novel categories, we ex-
plore the potential of the biased model for learning about
novel categories from three aspects. First, the output of the
biased model provides an accurate representation of cate-
gory bias, which can precisely measure the degree of bias
toward different categories and be utilized to recover unbi-
ased outputs from the current model. Second, by transfer-
ring knowledge between similar categories, the output of
the biased model can offer insightful hints for distinguish-
ing between different novel categories. Third, the entropy
of instances predicted by the biased model is an effective
indicator for distinguishing between known and novel cate-
gories, which helps to avoid punishing instances from known
categories. Based on these insights, our Self-Debiasing Cali-
bration (SDC) develops two logit adjustment methods with
a weighting mechanism to mitigate the issues of category
bias and category confusion, significantly enhancing model
performance on novel categories.

Pseudo-label Generation and Model Training

Given the calibrated logits L., pseudo labels Y for unlabeled
data are generated by solving an optimal transport problem
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(Asano, Rupprecht, and Vedaldi 2019), which promotes a
uniform distribution of pseudo labels across all K categories,
thereby mitigating category bias:

Y = max Tr(YLe) + ¢ E(Y)

C)

1

S.t. YEREXK,YT]_B:E]_K,Y]_KZE]_B
where Tr denotes the trace of the matrix, € is a weighting fac-
tor, and E represents the entropy function. B and K indicate
the batch size and the number of categories, respectively. The
vectors 15 and 1 are unit vectors of dimension B and K,
respectively. The solution of Eq. 9 can be derived using the
Sinkhorn-Knopp algorithm (Cuturi 2013). Subsequently, we
apply cross-entropy loss to both labeled and unlabeled data
for representation learning:

Coup = M Lo (YY) + (1= A1) - Lee(YE YY) (10)

where \; is a factor that balances the weights between la-
beled and unlabeled data, Y and Y* represent predictions
based on the original logits for labeled and unlabeled data,
respectively. Y denotes ground-truth labels for labeled data.
We also employ instance-level contrastive learning ¢.,,; on
both labeled and unlabeled data to learn more consistent rep-
resentations. The overall training objective of our model is

formalized as:
{= ésup + g - Econt (11

where ), is a weighting factor for the contrastive loss.



Experiments
Experimental Setup

Datasets. We perform experiments on three generic text
categorization datasets: BANKING is a fine-grained intent
detection dataset in the banking domain (Casanueva et al.
2020). HWUG64 is an assistant query classification dataset
(Liu et al. 2021). CLINC is a multi-domain intent detection
dataset (Larson et al. 2019). We randomly select 25% cate-
gories as novel categories and 10% data as labeled data fol-
lowing previous work (Zhang et al. 2021a; An et al. 2023c).

Comparison with SOTA models. We compare our model
with various baselines and SOTA methods.

Unsupervised Models. DeepCluster (Caron et al. 2018);
DCN (Yang et al. 2017); DEC (Xie, Girshick, and Farhadi
2016); BERT (Devlin et al. 2018); GloVe (Pennington,
Socher, and Manning 2014); SAE (Zhang et al. 2021a).
Semi-supervised Models. Simple (Wen, Zhao, and Qi
2022); Semi-DC (Caron et al. 2018); CDAC+ (Lin, Xu, and
Zhang 2020); DTC (Han, Vedaldi, and Zisserman 2019);
Semi-KM (MacQueen et al. 1967); DAC (Zhang et al. 2021a);
GCD (Vaze et al. 2022); PTIN (An et al. 2023a); DPN (An
et al. 2023c); TAN (An et al. 2024b); KTN (Shi et al. 2024).
GPT-based Models. GPT-3.5 (Brown et al. 2020); GPT-4
(Achiam et al. 2023).

Evaluation Metrics. We evaluate the model performance
with clustering accuracy following standard practice (An et al.
2023c; Shi et al. 2024). (1) Known: clustering accuracy for
known categories. (2) Novel: clustering accuracy for novel
categories. (3) H-score: harmonic mean of the clustering
accuracy for known and novel categories to avoid biased
evaluation towards known ones (Saito and Saenko 2021).

Implementation Details. We use the pre-trained Bert-base-
uncased model (Wolf et al. 2019) as our backbone. We fine-
tune the last four Transformer layers and the classifier layer
using the AdamW optimizer. Early stopping is employed
during pre-training with a patience of 20 epochs. For hyper-
parameters, (3 is set to 0.03, 0.05, and 0.42 for the BANKING,
HWUG64, and CLINC datasets, respectively. A\; is set to 0.6
and gradually increases to 0.7, Az is set to 0.01. Following pre-
vious work (An et al. 2023c; Shi et al. 2024), the pre-training
and training epochs are set to 100 and 80, respectively. The
learning rate for both pre-training and training is set to 5e 5.
The batch size is set to 128 for pre-training and training. For
the implementation of the Sinkhorn-Knopp algorithm, we
follow the settings in Caron et al. (2020). GPT-3.5 and GPT-4
are based on the turbo API of OpenAl. All the experiments
are conducted on a single RTX-3090 GPU.

Results and Analysis

Comparison with the SOTA models. We present the per-
formance of different models in Table 1. Our model demon-
strates superior performance across all datasets and evalua-
tion metrics. Notably, there is an average improvement of
2.64% in the accuracy of novel categories compared to SOTA
methods, highlighting the efficacy of our logit adjustment
framework. Furthermore, our model shows an average im-
provement of 0.28% in the accuracy of known categories,
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Variant H-score Known Novel
SDC 79.81 82.08  77.66
pre-training
w/o MLM 74.73 79.58  70.43
w/o pre-training 68.12 78.48  60.18
w/o CE 64.09 78.56  54.12
Logit Adjustment (LA)

w/o CCM 78.40 80.70  76.23
w/o CBM 77.78 81.91  74.05
w/o Weighting 77.43 7690 7797
w/o LA 76.79 81.16  72.87
Training
W/0 Ceont 78.99 81.90 76.28
w/o Initialization 76.78 82.74  71.62
w/0 Lo (X 7502 7733 72.84
W/0 Lee(X™) 58.44 8373  44.88
Real-world Applications
w/o Ground-truth k' 79.34 82.11  76.75
Online Inference 78.94 83.08  75.20

Table 2: Results of ablation studies on the HWU64 dataset.

which indicates that the weighting strategy employed by
our model enhances performance on novel categories with-
out compromising the accuracy of known categories. Conse-
quently, our model achieves an average 2.00% improvement
in the H-score, indicating a balanced recognition capability
for both known and novel categories. Furthermore, GCD
models in the CV fields (i.e., Simple (Wen, Zhao, and Qi
2022) and GCD (Vaze et al. 2022)) perform poorly on the
textual data, which motivates us to develop models tailored
for the NLP domain.

Comparison with ChatGPT. Given the impressive zero-
shot capabilities of large language models (LLMs), we in-
clude GPT-3.5 and GPT-4 as baselines for comparison. De-
spite the competitive performance on known categories,
LLMs face challenges in recognizing novel categories due to
the absence of prior knowledge. This observation underscores
the importance of accurately identifying novel categories and
further demonstrates the effectiveness of our model.

Ablation Study. We conduct ablation studies from four
perspectives in Table 2 to validate the effectiveness of each
component in our model. Pre-training plays a crucial role
in model initialization, providing biased logits that facilitate
learning about novel categories. Logit Adjustment (LA) en-
hances model performance on novel categories by mitigating
category bias (CBM) and transferring knowledge (CCM).
The removal of the weighting mechanism results in a perfor-
mance decline for known categories due to indiscriminate
penalization of their logits. Training with the combined loss
function is vital for learning both known and novel categories,
and initializing the classifier with prototypes offers essential
prior knowledge for novel categories. Discussions about real-
world applications will be included in a later section.
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Figure 4: Accuracy of pseudo labels for all (All) and novel
(Novel) categories with and without logit adjustment (LA).

Accuracy for Pseudo Labels. Given that the proposed logit
adjustment strategy aims to generate more accurate pseudo
labels for model training, we visualize the accuracy of pseudo
labels during training with and without our logit adjustment
(LA) strategy in Fig. 4. The results indicate that our model
continuously improves accuracy across all categories, with
a notable improvement for novel categories. These findings
illustrate the effectiveness of our logit adjustment strategy in
generating high-quality pseudo labels for novel categories,
thereby enhancing model performance in these categories.

Feature Visualization. We utilize t-SNE to visualize the
features from 15 categories learned by our model on the
CLINC dataset, as depicted in Fig. 5 (a). The results reveal
that our model achieves more separable and compact feature
distributions after training on the unlabeled data, thereby
underscoring our model’s effectiveness.

Real-world Applications

In this section, we examine the robustness of our model
towards various real-world scenarios.

Effect of the Known Category Ratio. The known category
ratio can vary in real-world applications. To investigate its
impact on model performance, we adjust this ratio within the
set {0.25, 0.50, 0.75}. As illustrated in Fig. 5 (b), our model
demonstrates superior performance in terms of accuracy for
novel categories across different settings, highlighting the
model’s effectiveness and robustness.

Number of categories estimation. Following previous
work (An et al. 2023c; Shi et al. 2024), we assume the num-
ber of categories K is known in our experiments. However,
the number is not always available in real-world applications.
Therefore, we address the challenge of estimating K using
the dropout algorithm (Zhang et al. 2021a). As shown in Ta-
ble 3 Top, our estimations closely approximate the true num-
ber of categories, validating the effectiveness of our model.

Training without Ground-truth K. In addition to obtain-
ing close estimations of K, we also conduct experiments
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Figure 5: Visualization of the learned features and model
performance under different known category ratios (KCR).

Dataset BANKING HWU64 CLINC
Ground Truth 77 64 150
Estimation 77‘7(:|:1.56) 64(:|:2_16) ].48(:‘:2.82)
Clustering 22.2s 6.7s 27.5s
Classifier 3.3s 0.8s 1.5s

Table 3: Estimation of K (Top) and inference time (Bottom).

using the estimated K. As shown in Table 2 (w/o Ground-
truth K), our model achieves comparable results even without
the actual K, showing the robustness of our approach.

Online Inference. We report experimental results using
clustering on the testing sets offline to ensure a fair com-
parison with previous work. Owing to the learned classifier,
our model is also capable of performing online inference for
streaming data without the necessity of accumulating abun-
dant data for clustering. As demonstrated in Table 2 (Online
Inference), our model achieves comparable results using the
classifier for inference while offering a significantly faster
inference speed (average 5.6x faster in Table 3 Bottom).

Conclusion

In this paper, we introduce the Self-Debiasing Calibration
(SDC), a novel framework designed to address the model
bias inherent in GCD. Unlike traditional methods that per-
ceive model bias as a hindrance, SDC leverages the bias
to improve model performance, particularly in recognizing
novel categories. Specifically, the core innovation of SDC
lies in its dual utilization of the biased output from the pre-
trained model. First, the biased output serves as an accurate
and explicit representation of category bias, which can be
utilized to debias the output of the current model, thereby
producing less biased predictions. Second, the biased out-
put facilitates the differentiation between novel categories
by transferring knowledge between similar categories. This
dual approach enables SDC to dynamically adjust the logits
of the current model, resulting in less biased logits and more
accurate pseudo labels for unlabeled data, effectively address-
ing the issues of category bias and category confusion. Our
experiments on three benchmark datasets demonstrate the
superiority of SDC over SOTA methods, particularly in the
context of novel category identification.
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