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Abstract

In this paper, we investigate a practical yet challenging
task: On-the-fly Category Discovery (OCD). This task fo-
cuses on the online identification of newly arriving stream
data that may belong to both known and unknown cate-
gories, utilizing the category knowledge from only labeled
data. Existing OCD methods are devoted to fully mining
transferable knowledge from only labeled data. However,
the transferability learned by these methods is limited be-
cause the knowledge contained in known categories is often
insufficient, especially when few annotated data/categories
are available in fine-grained recognition. To mitigate this
limitation, we propose a diffusion-based OCD framework,
dubbed DiffGRE, which integrates Generation, Refinement,
and Encoding in a multi-stage fashion. Specifically, we first
design an attribute-composition generation method based
on cross-image interpolation in the diffusion latent space
to synthesize novel samples. Then, we propose a diversity-
driven refinement approach to select the synthesized im-
ages that differ from known categories for subsequent OCD
model training. Finally, we leverage a semi-supervised
leader encoding to inject additional category knowledge
contained in synthesized data into the OCD models, which
can benefit the discovery of both known and unknown cate-
gories during the on-the-fly inference process. Extensive ex-
periments demonstrate the superiority of our DiffGRE over
previous methods on six fine-grained datasets. The codes
are available here: https://github.com/XLiud443/DiffGRE

1. Introduction

Generalized category discovery (GCD), an emerging and
challenging problem, has garnered increasing attention due
to its potential for widespread real-world applications, such
as discovering new diseases [57], bird species [29], and
crops [23]. GCD aims to automatically cluster unlabeled
data from unseen categories using knowledge from seen
categories. However, current GCD methods [28, 29, 41,
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Figure 1. Comparison with GCD and OCD. Most existing GCD
methods follow a transductive learning paradigm that requires pre-
viously accessing test data during training. Meanwhile, they uti-
lize offline clustering to assign category labels for pre-collected
query sets. In contrast, OCD models are trained with only labeled
training data and can provide instance-wise inference for a stream
of data that require discovery. Unlike existing OCD methods, our
DiffGRE syntheses new training samples for OCD training, while
performing more robust online cluster than hash inference.

47, 54] follow an offline inference paradigm, where cate-
gory discovery is typically implemented by applying con-
ventional clustering algorithms to a pre-collected batch of
query data that requires discovery. This paradigm signif-
icantly limits the practicality of GCD techniques in real-
world applications, where systems are expected to provide
online feedback for each new instance.

To address this limitation, On-the-fly Category Discov-
ery (OCD) [5] is introduced to eliminate the requirement
of accessing pre-defined query sets in training phrases and
enables GCD models to generate instance feedback for
streaming data, as shown in Fig. 1. Existing OCD methods
that focus on learning transferable knowledge from only la-
beled data and categories are often inefficient, as the knowl-


https://github.com/XLiu443/DiffGRE

edge contained in known categories is often insufficient,
especially in fine-grained scenarios where annotated data
are often scarce. To address this limitation, we propose a
diffusion-based OCD framework, namely DiffGRE, to syn-
thesize new samples that contain additional category infor-
mation and are helpful for fine-grained category discovery.

DiffGRE mainly includes Generation, Refinement, and
Encoding stages. Specifically, most existing diffusion-
based data augmentation methods [7, 13, 44] either heav-
ily rely on fine-tuning the pre-trained diffusion model on
large-scale target data or aim at faithfulness augmentation
(e.g., category-preserving generation [ 15, 38] or seen target-
category argumentation [44]), which are not effective for
the OCD task because 1) there has relatively few labeled
data in OCD setting, especially for fine-grained datasets; 2)
the data that require to discover include both known and un-
known categories. However, we empirically find that aug-
menting only known-category data is struggling to benefit
unknown-category discovery (see details in Appendix).

Considering that 1) diffusion models already have a se-
mantic latent space [20, 32, 37] and 2) unseen categories can
be synthesized by composing existing semantic attributes
in seen categories [22, 24, 43], we propose to explore a
cross-category latent-space interpolation that can synthe-
size virtual categories through semantic Attribute Compo-
sition Generation (ACG). ACG employs the latent interpo-
lation strategy, which not only interpolates diffusion latent
features but also integrates interpolation on the CLIP [30]
embedding space. This enhances semantic information in
the latent space, thereby enriching the attributes that can
be combined. An example is shown in Fig. 2, where two
images are used as inputs for ACG, resulting in a synthe-
sized image. We interpolate between a “Laysan albatross”
image and a “Black-footed albatross” image and synthesize
a new bird image that belongs to a virtual category. Sur-
prisingly, by searching from both known- and unknown-
category data, we find that the nearest neighbor of the gener-
ated image belongs to an unknown category, e.g., “Groove-
billed Ani” in Fig. 2. “Groove-billed Ani” appears as a com-
bination of the semantic attributes from “Laysan albatross”
and “Laysan albatross”, which shows the promising po-
tential to synthesize unknown categories based on known-
category attributes.

Although the image synthesis approach can achieve
semantic attribute re-composition, it cannot ensure that
each generated image is likely a new-category image and
is helpful for OCD due to the randomness of diffusion
process [14]. To mitigate this side-effect, we design a
lightweight Diversity-Driven Refinement (DDR) to select
the generated images that include diverse category infor-
mation as much as possible. DDR filters off synthesized
images that are visually similar to known categories, ac-
cording to the average similarities between the image fea-
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Figure 2. Motivation of this paper. In this case, we randomly
sample two images from two known categories as inputs to syn-
thesize a new image by attribute re-composition. We observe that
the synthesized image has similar attributes to an unknown cate-
gory defined in the OCD benchmark. This observation motivates
us to fully leverage latent category attributes included in known
categories to generate additional category information, thereby im-
proving the existing OCD methods.

tures and category-level representations. This mechanism
not only improves the diversity of augmented samples but
also reduces the computational consumption for subsequent
model training.

To take full advantage of the refined synthesized data,
we propose a Semi-supervised Leader Encoding (SLE) to
assign reliable pseudo labels for them. Importantly, the
encoded leader representations in SLE are further used to
implement accurate on-the-fly inference based on the high-
dimensional features outputted from the backbone network.
This differs from the existing method [5] that employs hash
code as category descriptors, which inevitably degrades the
representation ability of the high-dimensional features due
to the binary nature. In contrast, our SLE can directly op-
erate on original features containing rich discriminative in-
formation following an online clustering paradigm, which
hence leads to better OCD performance.

Our contribution can be summarized as follows:

* We advocate embracing pre-trained and high-quality gen-
erative models based on the diffusion technique and intro-
ducing them into new category discovery tasks.

* We propose a new and plug-and-play DiffGRE frame-
work to enhance the OCD abilities of existing methods.

» Extensive experiments verify the effectiveness of our Dif-
fGRE on six fine-grained datasets.



2. Related Work

Novel Category Discovery (NCD), first introduced by
DTC [11], aims to categorize unlabeled novel classes by
transferring knowledge from labeled known classes. How-
ever, existing NCD methods [8, 11, 56] assume that all un-
labeled data exclusively belong to novel classes. To release
such an impractical assumption, Generalized Category Dis-
covery (GCD) is proposed in [41], allowing unlabeled data
to be sampled from both novel and known classes. While
existing NCD/GCD methods [1, 3, 8, 17, 28, 41, 45, 45, 46,
52, 56] have shown promising results, two key assumptions
still impede their real-world application. 1) These models
heavily rely on a predetermined query set (the unlabeled
dataset) during training, limiting their ability to handle truly
novel samples and hindering generalization. 2) The offline
batch processing of the query set during inference makes
these models impractical for online scenarios where data
emerges continuously and the model requires instant feed-
back. To address these limitations, Du et al. introduced the
On-the-Fly Category Discovery (OCD) [5], which removes
the assumption of a predefined query set and requires in-
stance feedback with stream data input. They proposed the
SMILE method, which identifies the category of each in-
stance via a hash-descriptor inference. Notably, compared
with the above methods, our DiffGRE has two differences:
1) Unlike SMILE, which employs sensitive hash inference,
DiffGRE directly leverages features for inference following
an online clustering fashion. 2) Existing OCD methods uti-
lize only labeled data for training. In contrast, our DiffGRE
generates new samples and designs a new effective frame-
work to exploit these synthesized data.

Data Synthetic with Diffusion Models. Synthesizing new
samples with diffusion models has been applied in various
computer vision tasks, including image classification [15,
35, 39], domain adaptation [6, 16, 27] and zero/few-shot
learning [4, 21, 48]. Most of these methods aim to aug-
ment images to enhance diversity while keeping faithful-
ness, which can be broadly divided into two groups. The
one [38, 44] is to generate images based on Img2Img dif-
fusion with pre-defined or learned text prompts. The other
leverages Latent Perturbation [9, 58] to empower the ability
of diffusion models to synthesize new samples. However,
the former heavily depends on prompt quality and typically
generates samples with high faithfulness and low diversity.
In contrast, the latter produces more diverse images, but of-
ten with substantial noise. To mitigate these drawbacks,
Diff-Mix [44] introduces a mix-up strategy that augments
training data by transforming one known category into an-
other. However, these methods focus on generating new im-
ages of known categories, which is relatively ineffective for
OCD that aims at new category discovery. To address this
issue, we introduce DiffGRE to synthesize virtual category
samples via attribute re-composition, tailor-made for OCD.
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3. Method

In this section, we first briefly introduce the OCD task and
then present our approach, DiffGRE, which integrates Gen-
eration, Refinement, and Encoding in a multi-stage fashion.
Problem Definition. The setting of OCD is defined as
follows. We are provided with a support set, denoted as
Ds = {(xi,y5)}M, C X x Vg for training, and a query
set, denoted as D¢ = {(x;,y!)}; C X x Vg for testing.
Here, M and N represent the number of samples in Dg and
Dy, respectively. Vg and Vg are the label spaces for the
support set and query set, respectively, where Vs C V.
We define classes in Vg as known/old classes and classes
in Yo/Ys as unknown/new classes. Only the support set
Dg is used for model training. During testing, D, includes
samples from both known and unknown categories, which
are inferred one by one, allowing for online feedback.
Framework Overview. Here, we propose that DiffGRE
synthesize new samples that include additional category
knowledge to enhance the OCD abilities of existing meth-
ods. Fig. 3 shows an overview of DiffGRE’s framework. In
particular, DiffGRE consists of three components: attribute
composition generation, diversity-driven refinements, and
semi-supervised leader encoding.

3.1. Attribute Composition Generation

The Attribute Composition Generation (ACG) is proposed
to synthesize virtual categories by interpolating the latent
embeddings across different categories. The module is
built based on previous Stable Diffusion Img2Img methods.
We apply the latent interpolation strategy that performs in-
terpolation in both the CLIP’s [30] embedding space and
the Stable Diffusion’s latent space, facilitating attribute re-
composition to synthesize novel images.

Stable Diffusion Img2Img. Different from vanilla diffu-
sion models, the Stable Diffusion [32] efficiently performs
image generation and manipulation in the latent space, syn-
thesizing images by progressively refining the latent repre-
sentations. Specifically, given an image I;, the encoder £
maps it to a latent z;, i.e., z; = £(I;). Besides, an addi-
tional input, e.g., a text prompt ¢ is fed to the model as a
conditional input to control the synthesized image content.
The text prompt is first pre-processed by a text tokenizer
and then encoded by a text encoder, e.g., a pre-trained CLIP
model.This can be formulated as: i.e., z; = T (t) where T
denotes the text encoder of the Stable Diffusion model.
Latent Interpolation in ACG. Based on the above settings,
Stable Diffusion Img2Img variants can be applied to edit
images with text prompts. Previous works [10, 34, 44] in
image editing have proposed using diffusion models to gen-
erate samples that have similar appearance attributes with
known categories. However, this is incompatible with the
OCD task. Our goal is to utilize the attributes of known
categories to synthesize new samples belonging to virtual
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Figure 3. (a) Overview of our DifftGRE framework. First, we sample images from different categories to generate virtual-category images
via our ACG. Then, we execute DDR to filter off the failure images and keep the remaining data for subsequential training. Last, we
utilize SLE to exploit the generated data to further enhance the OCD models. (b) The pipeline of our SLE module. First, SLE mines the
category-level relationship across the known and virtual categories for leader-based representation learning, following an iterative manner.
After training, it leverages the generated leader feature as the known-category prior to performing robust online clustering inference.

categories. To achieve this, we build on the Stable Diffu-
sion Img2Img model by incorporating semantic latent codes
from two inputs for attribute re-composition.

In this work, we consider applying spherical interpola-
tion [36] in three embedding spaces, i.e., the latent space
of Stable Diffusion, CLIP visual space, and CLIP textual
space. Specifically, we use the VAE encoder in Stable Dif-
fusion to extract the latent embeddings z' and CLIP’s visual
encoder to extract visual embeddings z. Meanwhile, we
leverage a pre-trained image caption model [49] to trans-
form images into textural descriptions. Then, we extract
textural embedding z! from the textural descriptions via
CLIP textual encoder.

The overall interpolation processes are formulated as:

sin((1 — A\4)0) .
sin(0)

sin(/\*e)z* .
sin(0) %

—k

e{,v,1} (1)

where 6 = arccos(z7 - z3) and A, € [0, 1] is the interpola-
tion parameter, and zj, zZ; denote the latent embeddings of
two inputs, respectively. Following Stable Diffusion [32],
we leverage both textual and latent embeddings to generate
noise that is subsequently used for the denoising process.
Meanwhile, inspired by [25], we introduce CLIP visual em-
beddings to rectify the noise. The noise of the mixed latent
is progressively removed at each timestep in the reverse de-
noising process, which is formulated as:
H

—1 ]
€—€p (z ,t,z’)

Zi = Jaizh + V1 — e, € ~ N(0,1)
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where €y is the UNet to predict noise, Zj, is the interpolated
latent embedding of the input images, and «; controls the
noise schedule at timestep t. The final latent embedding is
passed to the VAE decoder to obtain the synthesized image.
Discussion. In the OCD task, transforming an image from
a known category into an unknown category based on a text
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prompt is challenging because textual information for new
categories is not directly available. As a result, directly
applying text-to-image editing or text-to-image generative
models to synthesize new samples for the OCD task is not
a feasible approach. Meanwhile, the latent space in Sta-
ble Diffusion primarily captures fine-grained visual details
for image reconstruction, whereas the CLIP latent space is
optimized for high-level semantic understanding. Integrat-
ing CLIP embeddings enables Stable Diffusion to interpo-
late diverse attributes, blending characteristics from multi-
ple categories to synthesize virtual categories.

3.2. Diversity-Driven Refinement
Although ACG can generate numerous informative images,
these images are not always favorable for OCD. As shown
in Tab. 3, we experimentally find that direct training with
all generated images disturbs discriminative feature extrac-
tion, especially for known categories. The primary rea-
son may come from extensive and ambiguous synthesized
samples that disrupt the original decision boundaries of
known categories. To mitigate this issue, we propose the
Diversity-Driven Refinement (DDR) module to retain sam-
ples that provide more additional information while filtering
out those that do not, thereby reducing training overhead for
the subsequent model training. Specifically, DDR removes
samples that are too similar to known categories, preserving
those that offer more diverse and valuable information.
First, we leverage the training samples to measure the
quality of generated images. One straightforward way is
calculating the cosine similarity between generated samples
and all training images. However, this approach becomes
unstable when image features follow a long-tailed distribu-
tion. Hence, we chose to compute all similarity scores be-
tween generated samples and category centers that can reli-
ably capture the feature distribution of the original training
samples in the embedding space. Moreover, we empirically



validate the effectiveness of the design in the Appendix.
Given the similarities, we set a threshold, denoted as ~,

to filter out the images with relatively high scores. The DDR

can be divided into the following steps:

1. Compute cosine similarity scores between generated im-
ages with original training category centers. The step is
formulated as:

Zgen * Ck
l[zeenllllexll”

3

S(dem Ck) =

where zge, represents the embedding of a generated im-
age and cj, represents the center for category k.

2. For each generated sample, calculate the mean score
over all class centers. It can be represented as:
1 K
Smean(zgen) = ? 2 S(dem Ck)7 4

where K is the total number of category centers.
Remove all images based on the threshold. Mathemati-
cally, it can be formulated as:

F(Igen) = 1(Smean (2Zeen) < ) + Lgen, (5)

where F (Iyen) is a function that decides whether to re-
tain or remove the generated image Igep.

3.3. Semi-Supervised Leader Encoding

Motivation. Although the combination of ACG and DDR
is able to generate virtual category images, it is hard to as-
sign precise category labels for each virtual image due to the
randomness of attribute re-composition. We experimentally
find that intuitively treating the generated images mixed by
the same two categories as a unique new category leads to
significant degradation of both known and unknown cate-
gory discovery. Details are included in the Appendix.
Virtual Category Assignment. To fully mine the help-
ful knowledge from the generated virtual dataset, we pro-
pose a Semi-supervised Leader Encoding (SLE) approach
to yield reliable category labels for virtual images. First,
we combine the labeled data and generated data to build
an agency training set Dy = Dg U Dg. Secondly, we
apply the off-the-shelf clustering method [33] on D4 and
generate the virtual category labels )4 for all data, result-
ingin Dy = {(x4,55)}MT4 C X x Va4, where A is the
number of synthesized image after DDR. Next, we lever-
age the ground-truth labels of partially-labeled data in D4
to rectify the clustering results further. Specifically, we first
leverage the Hungarian optimal assignment algorithm [19]
to find the optimal mapping between the initial clustering
assignment and the ground-truth labels of partially-labeled
data. Based on the mapping results, we replace the clus-
tering assignments of both labeled and unlabeled generated
data according to the ground-truth labels and yield a new
aligned version of the clustering assignments. Eventually,
we establish a rectified D 4 for OCD training.
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Leader Feature Generation. We calculate the average of
the features that belong to the same category as a category-
specific leader feature, 1, = ﬁ Zx,”eyA f(xm), where
the | V4| is the number of virtual categories. Accordingly,
the leader set for D 4 is defined by: C4 = {lm}gill
Leader-based Representation Learning. To encourage
models to learn robust features with a strong ability to
discriminate different categories, we propose leader-based
contrastive learning to increase the inter-category distance
while reducing the intra-category distance on the virtual cat-
egories data. The objective is formulated as:

o exp (f(xn) . l;rn /7')
AL exp (f(xn) 15 /7)

where 7 is the temperature factor and is empirically set to
0.05 for all experiments.

Furthermore, inspired by the success of a combination of

contrastive loss and classification loss in the other open-set
task [53], we employ an additional classifier to supplement
the leader-based contrastive learning with a cross-entropy
loss, denoted as L.
Remark. Our SLE is tailor-made for the OCD task and
brings three advantages: 1) SLE provides an effective man-
ner to leverage the generated image with less noise, which
injects additional category knowledge into OCD models,
thereby resulting in better performance. 2) Unlike the ex-
isting OCD methods that apply representation learning on
a low-dimensional hash space, our SLE reduces the infor-
mation loss by performing contrastive learning on a high-
dimensional feature space. 3) The calculated leader features
can be stored as known-category prior, benefiting the sub-
sequent on-the-fly inference in Sec. 3.4.

L"sle (Xn7 yn) =—1 (6)

3.4. Optimization and Inference

Model Training. We add our DiffGRE to the existing OCD
method SMILE [5]. The SMILE method applies two hash
heads to implement the OCD task. In order to enhance the
representation embedding of old classes, we add another
classifier to the final loss function. The total loss is:

L= Lsup + Acreg + ax £sle + ﬁ * ‘CCy (7)

where Ly, and L,., are basic losses from SMILE [5].
Here, L, is utilized for supervised contrastive learning,
while L., serves to constrain the output of the hash head
Hp,(+) in [5] to approximate discrete values of +1 or-1. And
« and 3 weight the two losses to balance their contributions.
Discussion. Existing OCD methods use hash-like mecha-
nisms, which suffer from sensitivity, particularly for new
categories. This is demonstrated by the results in Tab. 1,
where the hash-based methods are shown to be more sen-
sitive compared to PHE [55]. To address this, we design
Online Cluster Inference (OCI) with high-dimensional fea-
tures, which preserves rich information while fully leverag-
ing the learned leader representation in SLE and mitigating
the sensitivity issues.



Online Cluster Inference based on SLE. In the test-
ing stage, we first establish a dynamic leader memory,
which is initialized by the category-specific leader features
in Sec. 3.2. Then, we calculate the maximal intra-category
distance, A4z, as an adaptive threshold to determine if
this instance belongs to unknown categories following an
online clustering fashion. Given a test instance, x; € Dq,
if it is predicted to belong to known categories, we as-
sign its estimated category label §j; to the category label
according to the nearest leader. Otherwise, we create a
new leader with the instance feature and append it to the
dynamic leader memory. During the testing process, we
update both known- and unknown-category leaders by mo-
mentum averaging of corresponding instance features. The
algorithm is described in the Appendix.

4. Experiments

4.1. Experiment Setup

Datasets. We conduct experiments on six fine-grained
datasets, including CUB-200 [42], Stanford Cars [18],
Oxford-IIIT Pet [26], and three super-categories from the
more challenging dataset, iNaturalist [40], including Arach-
nida, Animalia, and Mollusca. Details about the datasets are
provided in the Appendix.

Evaluation Metrics. We follow [5] and adopt clus-
tering accuracy as the evaluation metric, ACC
\D71Q| ZLZ?‘ I(y; C(3y:)), where §; represents the pre-
dicted labels and y; denotes the ground truth. The func-
tion C' denotes the optimal permutation that aligns predicted
cluster assignments with the actual class labels. We report
“ACC-ALL”, “ACC-OLD” and “ACC-NEW” for all cate-
gories, known categories, and unknown categories.
Implementation Details. For a fair comparison, we follow
OCD [5] and use the DINO-pretrained ViT-B-16 [2] as the
backbone. During training, only the final block of ViT-B-16
is fine-tuned. The Projector Hy,(+) consists of three linear
layers with an output dimension set to . = 12, which pro-
duces 2'2 = 4096 binary category encodings. We follow
OCD to set this dimension for a fair comparison. The ratio
« and S in the total loss are set to 0.3 and 1.0 for all datasets.
More details about vy analysis are provided in Fig. 4.
Inference Strategy. Existing OCD methods mainly em-
ploy the hash-like inference strategy, where image features
are mapped to hash-like category descriptors, and images
sharing the same descriptor are grouped into a class to en-
able on-the-fly inference. However, this approach suffers
from accuracy degradation due to binarization and limited
hash length. In this work, we introduce the Online Cluster-
ing Inference (OCI) strategy based on our SLE. The OCI
continuously measures similarities between streaming in-
puts and category-specific leader features, dynamically as-
signing new inputs to known categories or creating new cat-
egories for them.
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4.2. Comparison with State-of-the-Art Methods

As the proposed SLE module enables hash-like inference
methods to tackle OCD via Online Clustering Inference
(OCI), we denote testing SMILE with SLE-based OCI strat-
egy as “SMILE + SLE-based”. Meanwhile, “SMILE + Dif-
fGRE” can achieve on-the-fly inference in both hash-like
and OCI strategies. For a thorough and fair comparison,
we conduct detailed experiments under the two inference
strategies to verify our plug-and-play DiffGRE.

Results of Hash-like Inference. The results compared with
hash-like inference methods are shown in Tab. 1, where it
is obvious that the introduction of the Diff GRE framework
significantly enhances the performance of these strong base-
lines across all metrics. For example, incorporating Diff-
GRE yields average improvements of 6.5% in ACC-ALL
and 11.5% in ACC-OLD for BaseHash across six datasets.
Similarly, SMILE demonstrates average gains of 3.7% in
ACC-ALL and 7.6% in ACC-OLD. These promising results
demonstrate that Diff GRE effectively enhances on-the-fly
category discovery for existing hash-like inference meth-
ods. Moreover, “PHE + DifftGRE” consistently outperforms
all competitors, achieving the highest ACC-ALL averages.
Results of Online Clustering Inference. The results com-
pared with Online Clustering Inference methods are shown
in Tab. 2. Our SLE enables hash-like inference methods to
perform OCI and achieves higher accuracy than the leading
competitor SLC. For example, “BaseHash + SLE-based”
exceeds “BaseHash + SLC” by an average of 10.8% in
ACC-ALL and 16.5% in ACC-New across six datasets.
Moreover, the incorporation of our full Diff GRE frame-
work consistently enhances all methods. Specifically, it
boosts “BaseHash + SLE-based” by an average of 2.1% in
ACC-ALL, and enhances “SMILE + SLE-based” by an av-
erage of 1.6% in ACC-ALL. Although DiffGRE improves
PHE in “PHE + DiffGRE” setting, the improvement is rela-
tively lower than that under the hash-like inference strategy.
This is because PHE focuses on optimizing a superior hash
network, which limits the training of the feature extractor.
Consequently, the inference improvements in OCI strategy
are limited by suboptimal features.

Comprehensive evaluation. Our DiffGRE consistently im-
proves performance across all datasets under both hash-like
and OCI inference strategies. Notably, it achieves state-
of-the-art average accuracy over six datasets with the OCI
strategy, supporting our discussion in Sec. 3.4.

4.3. Ablation Study

We conduct an ablation study of Diff GRE on the Arachnida,
Mollusca, and CUB datasets using hash-like inference, as
shown in Tab. 3. “SMILE + DiffGRE” refers to the full
method with DiffGRE applied to SMILE. Removing the
SLE module (“w/o L") leads to an average reduction of
3.6% in ACC-ALL across the three datasets. This confirms
that the SLE module effectively introduces additional cat-



Table 1. Comparison with hash-like inference methods, with the best results in bold and the second best underlined.

Method Arachnida Mollusca Oxford Pets Average

All Old New All Old New All Old New All Old New
BaseHash [5] 23.6 42.3 10.8 25.7 40.0 18.0 35.8 36.1 35.7 28.4 39.5 21.5
BaseHash [5] + DiffGRE (Ours) 27.2 50.5 124 28.8 40.6 20.9 38.6 39.2 39.2 315 434 242
SMILE [5] 279 53.0 12.2 335 42.8 28.6 412 421 40.7 342 46.0 27.2
SMILE [5] + DiffGRE (Ours) 354 66.8 15.6 36.5 44.2 32.5 424  42.1 425 38.2 51.0 30.2
PHE [55] 370 757 126 | 399 650 26.5 483 538 454 | 417 648 28.2
PHE [55] + DiffGRE (Ours) 39.1 76.5 15.6 403 634 28.1 48.6  52.6 46.6 42.7 642  30.1
Method CUB Stanford Cars Animalia Average

All Old New All Old New All Old New All Old New
BaseHash [5] 21.1 26.2 18.5 15.4 23.0 11.7 312 497 23.6 22.6 33.0 17.9
BaseHash [5] + DiffGRE (Ours) 342 48.8 26.9 269 473 17.0 36.4 60.2 26.6 325 52.1 235
SMILE [5] 322 50.9 229 262 467 16.3 34.8 58.8 249 31.1 52.1 21.4
SMILE [5] + DiffGRE (Ours) 35.4 58.2 23.8 30.5 59.3 16.5 37.4 69.3 24.3 34.4 62.3 21.5
PHE [55] 364 558 270 | 313 619 168 | 403 557 318 | 360 578 252
PHE [55]+ DiffGRE (Ours) 379 570 28.3 321 63.3 169 420 645 32.6 373 616 25.9

Table 2. Comparison with online clustering inference methods, with the best results in bold and the second best underlined.

Method Arachnida Mollusca Oxford Pets Average
etho Al Old New | Al Old New | Al Old New | Al Old New
BaseHash [5] + SLC [12] 254 44.6 114 31.1 59.8 15.0 35.5 413 33.1 30.7 48.6 19.8

BaseHash [5] + SLE-based (Ours) 42.0 55.0 339 40.7
BaseHash [5] + DiffGRE (Ours) 44.9 60.7 34.9 41.0

49.6 36.0 45.5 48.0 44.0 42.7 50.9 38.0
49.0 36.7 46.3 43.0 48.1 44.1 50.9 39.9

SMILE [5] + SLE-based (Ours) 437 60.0 37.0 427 543 36.6 49.1 49.1 49.1 452 54.5 40.9
SMILE [5] + DiffGRE (Ours) 453  56.6 40.6 43.6 51.0 39.6 51.1 54.7 49.2 46.7 54.1 43.1
PHE [55] + SLE-based 449 78.9 235 40.3 60.8 29.5 46.2 444 47.1 43.8 614 334
PHE [55] + DiffGRE (Ours) 47.7  76.6 294 42.6 62.0 323 49.6  50.1 49.3 46.6 62.9 37.0
Method CUB Stanford Cars Animalia Average

All Old New All

Old New All Old New All Old New

BaseHash [5] + SLC [12] 28.6 44.0 20.9 14.0
BaseHash [5] + SLE-based (Ours) 37.3 38.4 36.7 21.7
BaseHash [5] + DiffGRE (Ours) 38.5 40.6 375 26.0

23.0 9.7 32.4 61.9 19.3 25.0 43.0 16.6
30.3 17.5 44.9 57.3 39.8 34.6 42.0 31.3
37.9 20.3 47.4 59.6 423 37.3 46.0 334

SMILE [5] + SLE-based (Ours) 393 434 372 | 275 474 180 | 488 610 438 | 385 506 330
SMILE [5] + DiffGRE (Ours) 428 478 402 | 283 493 181 | 492 611 443 | 401 527 342
PHE [55]+ SLE-based (Ours) 410 521 355 | 252 445 159 | 405 616 320 | 356 527 281
PHE [55] + DiffGRE (Ours) 425 544 365 | 277 481 178 | 435 632 353 | 379 552 299

Table 3. Ablation study on training components.

M | Arachnida Mollusca CUB
ethod

| Al Old New All Old New All Old New
SMILE [5] 27.9 53.0 12.2 33.5 42.8 28.6 32.2 50.9 229
w/o Lgie 29.3 53.7 13.9 33.9 414 299 33.2 53.9 229
w/o Le 34.5 66.3 14.6 36.0 42.9 32.3 33.6 554 22.7
w/o DDR 33.5 62.8 15.2 34.5 394 31.9 324 532 220

SMILE + DiffGRE|35.4 66.8 15.6 36.5 44.2 32.5 35.4 58.2 23.8

egory knowledge into the training process. Removing the
DDR module leads to an average drop of 2.3% in ACC-ALL
and 4.6% in ACC-OLD across the datasets, indicating that
low-quality samples synthesized by diffusion models can
disrupt discriminative feature extraction. This also under-
scores the effectiveness of the DDR module in filtering out
low-quality samples. In addition, compared to SMILE, the
“w /o DDR” variant shows an average improvement of 3.2%
across the datasets. These findings suggest that supplement-
ing with additional category information, even if noisy, can
improve the identification of fine-grained categories and en-
hance the overall effectiveness of category discovery.

4.4. Analysis

Hyper-Parameters Analysis. 1) The impact of the ratios
«a and B in Eq. (7) is illustrated in Fig. 4 (a-b). Parameters
« and (3 control the relative importance of Ly, and L. dur-
ing the training process, respectively. The parameter « is
relatively insensitive, showing subtle variation in accuracy
when adjusted from 0.1 to 0.9. We fine-tune this parame-
ter on the CUB dataset and fixed it at 0.3 for all datasets.
Similarly, 5 remains stable across variations, as shown in
Fig. 4 (b). We set § = 1.0 for all datasets during training.
2) We examine the impact of «y in the DDR module on the
Arachnida dataset. This parameter controls the filtering of
synthesized samples, where a lower ~y results in fewer sam-
ples being filtered. As shown in Fig. 4 (c) and (d), when
the number of remaining images is comparable to that of la-
beled data, the model reaches optimal accuracy on unknown
categories. Thus, we set 0.4 for the Arachnida dataset. Sim-
ilarly, we set «y for other datasets according to their number
of labeled data. Moreover, we explore the impact of inter-
polation parameters A, in Eq. (1), where * € {z,v,I}. We
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Figure 4. Impact of hyperparameters, i.e., o, 3 and . We implement experiments on CUB [42] in (a-b) and Arachnida [40] in (c-d).
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Figure 5. Visualization of the synthesized images. We illustrate two examples of successful attribute composition on the CUB [42] and
Pets [26] datasets. Each successful example includes a synthesized sample and a real sample belonging to an unknown category, which is
extracted through the nearest neighbor search. The nearest neighbor search is performed on both the known and unknown category images
with respect to the synthesized samples. We show examples of failed generations: undefined object and incorrect synthesis.

follow the previous work [31] to set \; = 0.7. Then, we fix
A¢ to tune the optimal A, = 0.7 and \; = 0.8 (see detailed
analysis in the Appendix).

Impact of Different Synthesis Methods. To further vali-
date our method, we compare it with two alternative sample
synthesis strategies. The first includes T2I generative mod-
els, Diff-Mix [44] and Da-Fusion [38], using known cate-
gories as text inputs. For Diff-Mix, we also use unknown
categories as text inputs, though this violates the OCD task
constraints. The second strategy adopts pixel-level mixing
methods, CutMix [50] and MixUp [51]. Both are used as
replacements for our ACG to ensure a fair comparison. The
results are summarized in Tab. 4. As shown, pixel-level
methods underperform compared to ours. While T2I mod-
els generate high-quality images, their improvement for un-
known categories is limited, proving that Diff-Mix can only
synthesize images within known categories, making it inef-
ficient for the OCD task. In contrast, our method achieves
superior accuracy, validating its effectiveness in synthesiz-
ing novel samples for unknown categories.

4.5. Visualization and Limitation

Visualization. We visualize the generated images on dif-
ferent datasets in Fig. 5. Qualitatively, images generated by
our ACG show clear attribute features while preserving the
primary characteristic of the objects. Notably, the nearest
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Table 4. Impact of different synthesis methods.

CUB
Method o
SMILE [5] 322 509 229
SMILE [5] + Da-Fusion [38] 344 56.7 23.2
SMILE [5] + Diff-Mix [44] (w/ known category) 329 544 22.1
SMILE [5] + Diff-Mix [44] (w/ unknown category) | 35.1 56.6 24.3
SMILE [5] + CutMix [50] 32.8 546 219
SMILE [5] + MixUp [51] 333 55.6 22.1
SMILE [5] + DiffGRE (Ours) 354 58.2 23.8

neighbor of the generated image often belongs to the un-
known categories in the OCD benchmark. We also present
several failure cases, categorizing outputs with noticeable
errors or defects as “incorrect”, and those that are entirely
unrecognizable as “undefined”. These failures are mainly
caused by the randomness of the diffusion models (see more
examples and comparisons in the Appendix).

5. Conclusion

This work addresses the practical and challenging OCD
task. To enhance existing OCD models with limited
category knowledge, we propose to embrace pre-trained
diffusion-based generative models and design a plug-and-
play DiffGRE framework to synthesize new training sam-
ples. DiffGRE aims to generate new samples with addi-
tional category knowledge and effectively leverage these
images to enhance OCD models. Extensive experiments on
six datasets validate the effectiveness of our approach.
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