Prototypical Hash Encoding for
On-the-Fly Fine-Grained Category Discovery

Haiyang Zheng'*, Nan Pu'*, Wenjing Li’{, Nicu Sebe', Zhun Zhong>f
'University of Trento  *Hefei University of Technology

Abstract

In this paper, we study a practical yet challenging task, On-the-fly Category Discov-
ery (OCD), aiming to online discover the newly-coming stream data that belong to
both known and unknown classes, by leveraging only known category knowledge
contained in labeled data. Previous OCD methods employ the hash-based technique
to represent old/new categories by hash codes for instance-wise inference. How-
ever, directly mapping features into low-dimensional hash space not only inevitably
damages the ability to distinguish classes and but also causes “high sensitivity” is-
sue, especially for fine-grained classes, leading to inferior performance. To address
these issues, we propose a novel Prototypical Hash Encoding (PHE) framework
consisting of Category-aware Prototype Generation (CPG) and Discriminative
Category Encoding (DCE) to mitigate the sensitivity of hash code while preserving
rich discriminative information contained in high-dimension feature space, in a
two-stage projection fashion. CPG enables the model to fully capture the intra-
category diversity by representing each category with multiple prototypes. DCE
boosts the discrimination ability of hash code with the guidance of the generated
category prototypes and the constraint of minimum separation distance. By jointly
optimizing CPG and DCE, we demonstrate that these two components are mutually
beneficial towards an effective OCD. Extensive experiments show the significant
superiority of our PHE over previous methods, e.g., obtaining an improvement of
+5.3% in ALL ACC averaged on all datasets. Moreover, due to the nature of the
interpretable prototypes, we visually analyze the underlying mechanism of how
PHE helps group certain samples into either known or unknown categories. Code
is available at https://github.com/HaiyangZheng/PHE.

1 Introduction

While deep learning based machines have surpassed humans in visual recognition tasks [1, 2, 3, 4],
their capability is often limited to providing closed-set answers, e.g., category names. In contrast,
humans possess the ability to recognize novel categories upon first observation without knowing
their category names. To bridge this gap, Novel/Generalized Category Discovery (NCD/GCD)
techniques [5, 6, 7, 8, 9, 10, 11] are proposed to transfer knowledge from known categories to
distinguish unseen ones. However, current NCD/GCD methods operate under an offline inference
paradigm where the category discovery is often implemented by applying clustering / unsupervised
classification algorithms on a pre-collected batch of query data that needs to be discovered. This
severely limits the practicability of NCD/GCD techniques in real-world applications, where the
systems are expected to provide online feedback for every newly-coming instance.

To tackle this drawback, Du et al. introduce the On-the-fly Category Discovery (OCD) task [12],
which removes the assumption of a predefined query set and requires instance feedback with stream
data input. OCD poses two primary challenges: 1) The requirement for real-time feedback is
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Figure 1: (a) Schema of Of ine Category Discovery taskg( NCD [5] and GCD B]). (b) Schema of

On-the- y Category Discovery taskip], studied in this paper. (c) Previous work g, SMILE [17])

based on instance-level hash encoding. (d) Our PHE explores prototype-based hash encoding. (e)
Performance comparison of PHE and SMILE and observation about “High Sensitivity”.

incompatible with of ine cluster-based methods P] (see Fig. 1 (a))2) Due to uncertain open-

world scenarios, the NCD/GCD methodsd, classi er-based method4 §]), which assume the
number of categories can be available/discovered as a prior, are ineffective for OCD. As a solution,
Du et al. propose the SMILE architecture’], which employs the sign of an image feature (i.e.,
hash code) as its category descriptor to identify the corresponding category for online discovery.
As illustrated in Fig. 1 (c), SMILE directly mapps image features into low-dimensional hash space
with an instance-level contrastive objective and regard that one hash code uniquely represents a
category. Given this, although SMILE can derive category descriptors, it suffers from a signi cant
issue of “high sensitivity” for learned hash-form category descriptors and thus produces a signi cantly
inaccurate number of categoriesas well asunsatis ed performance. As shown in Fig. 1 (e),

this drawback of SMILE is even more severe for ne-grained categories due to the small inter-class
variations and large intra-class variations between samples. For example, given two images of the
same bird category but with different poses, they commonly share very similar overall features.
However, under SMILE, minor variations in a single feature dimension can lead to opposite signs in
their hash codes when the feature values are close to zero, classifying these two samples into distinct
categories. Moreover, this issue becomes more pronounced as the feature dimensionality increases,
as demonstrated in Table 5.

To address this issue, we propose a new two-stage Prototypical Hash Encoding (PHE) framework
to improve the intra-class compactness and inter-class separation of category descriptors while
alleviating information loss due to dimension reduction. PHE is composed of Category-aware
Prototype Generation (CPG) and Discriminative Category Encoding (DCE). First, CPG utilizes
prototype-based interpretable classi cation models to learn multiple prototypes for each category
and yields sparse representations with a probabilistic masking strategy. Then, DCE explicitly maps
the prototypes of each category to corresponding category hash centers. By imposing hash codes
approaching their hash centers, OCD models are encouraged to produce more accurate hash codes.
Meanwhile, we design a center separation loss to ensure that different category hash centers maintain
at least a Hamming distance @f.x , where thedax is derived from Gilbert-Varshamov bound in
coding theory, as illustrated in Fig. 1 (d). Finally, we design a tailor-made OCD model inference
method based on a relaxed Hamming ball condition. Overall, the two-stage PHE framework enables
OCD models to maintain the discriminabilities learned in high-dimension feature space and transfer
them into low-dimensional encoding space, thereby enhancing accuracy for both seen and unseen
categories. Extensive experiments conducted across multiple ne-grained benchmarks demonstrate
that our approach substantially outperforms the SMILE architecture (see Fig. 1 (e)). Our contributions
are summarized as follows:

* We propose a new PHE framework to explicitly generate prototypical hash centers, which is
bene cial for improving the intra-class compactness and the inter-class separation of hash codes.
Our PHE can effectively alleviate the “high sensitivity” issue of hash-based OCD methods.

* We design a tailor-made center separation loss to further improve the discriminability of hash
centers by constraining a minimal separation distance derived from coding théhriMe also
provide visual analyses to better understand the underlying mechanism of our PHE.

« Experiments on eight ne-grained datasets show that our method outperforms previous methods
by a large margini.e., +5.3% improvement averaged on all datasets for all class accuracy.
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