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Generalized Category Discovery



Background

Novel category discovery (NCD)

In Novel Category Discovery (NCD), methods learn from labelled and unlabelled images to discover new 
categories in the unlabelled set, but they assume that all unlabelled images come from new categories, which is 
often unrealistic.



Background

Generalized Category Discovery (GCD)

The Generalized Category Discovery (GCD) problem refers to the task of assigning category labels to 
unlabelled images in an image dataset, where some images are already labelled, and the unlabelled images may 
belong to new categories not observed in the labelled set.



Method

The approach in this work adapts to image recognition in an open-world setting by removing the need for parametric 
classification heads and performing clustering directly in the feature space of a deep network. In real-world applications, 
models are typically initialized with large-scale pretrained weights (such as ImageNet pretraining) to optimize performance. 
However, to avoid conflicts with the experimental setup, which assumes a finite labelled set, self-supervised ImageNet 
weights are used, and the representation is fine-tuned on the target data, combining both supervised and unsupervised 
contrastive learning methods.



Method

Non-Parametric Clustering: They modify the classic k-means algorithm by adding constraints that force instances from 
the same class in the labelled dataset (𝒟ℒ) to be assigned to the same cluster, while unlabelled instances (from 𝒟𝒰) can 
be freely assigned to any cluster.
Estimating the Number of Classes: The authors address the challenge of estimating the number of classes in unlabelled
data. They perform k-means clustering on the entire dataset (𝒟), then evaluate clustering accuracy on the labelled subset 
(𝒟ℒ). The number of clusters, k, is treated as a parameter that is optimized using the clustering accuracy as a "black box" 
scoring function.
Brent's Algorithm: Instead of exhaustively testing all possible values of k, they optimize the number of clusters using 
Brent’s algorithm, which allows the method to scale well with datasets containing many categories.
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Active Generalized Category Discovery



Background

GCD still faces intractable problems, including imbalanced accuracy and inconsistent confidence 
between old and new classes, especially in low-labeling regimes. In essence, these issues arise from 
the nature of the GCD task itself. 

Can deep learning models actively select a small number of unlabeled samples for labeling to 
remarkably enhance category discovery?



Background

 Conventional AL methods do not take novel categories into consideration, which 
makes them not applicable to AGCD and leads to sub-optimal results.

 Considering the clustering nature of GCD, the queried ground truth labels could not 
be directly used by parametric classifiers due to the different ordering of indices. 

Adaptive-Novel strategy

perform label mapping 
on the queried samples
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Method

The model is initially trained on labeled data 𝐷௟
଴   and unlabeled data 𝐷௨

଴ using SimGCD, with the initial split similar to 
GCD .After this, AGCD runs for multiple rounds. In round 𝑡, the model selects a batch of 𝑏 samples from 𝐷௨

௧ିଵ   , queries 
their labels, and updates the datasets as 𝐷௟

௧ = 𝐷௟
௧ିଵ ∪ 𝐷௤

௧  and 𝐷௨
௧ = 𝐷௨

௧ିଵ\𝐷௤
௧   . The model is then trained on 𝐷௟

௧ ∪ 𝐷௨
௧    using 

SimGCD. Initially, 𝐷௟
଴ contains only old classes, but after querying, 𝐷௟

௧ may include new classes. The total budget is 𝑏 × 𝑛. 
For queried data, the model is trained with losses ℒ௖௢௡

௟     and ℒ௖௟௦
௟ .



Method

(1) For the aspect of novelty, as the initial labeling condition is severely imbalanced, we should give priority to selecting
samples from new classes. Models’ predictions 𝑦௜ ෞ are proxies of samples’ novelty. 
(2) For the aspect of diversity, we uniformly select samples from novel classes, i.e., at each round, we select ⌊𝑏/
𝐾௡௘௪⌋ samples in each new class based on the model’s prediction.
(3) For the aspect of informativeness, we choose Margin as the uncertainty metric.
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