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A. Implementation Details
A.1. Datasets Details
Dataset Details. We evaluate our approach on several
benchmarks (see Table A.1), and extend the On-the-Fly Cat-
egory Discovery (OCD) task to include the iNaturalist 2017
dataset. The iNaturalist 2017 collection, sourced from the
citizen science platform iNaturalist, contains 675,170 im-
ages for training and validation, covering 5,089 fine-grained
categories across 13 overarching classes (e.g., Plantae, In-
secta, Aves, Mammalia). The pronounced intra-class vari-
ability within these super-categories underscores the diffi-
culty of fine-grained classification under the OCD setting.

Table A.1. Statistics of datasets used in our experiments.

CUB Scars Pets Animalia Fungi Arachnida

|YS | 100 98 19 39 61 28
|YQ| 200 196 38 77 121 56

|DS | 1.5K 2.0K 0.9K 1.5K 1.8K 1.7K
|DQ| 4.5K 6.1K 2.7K 5.1K 5.8K 4.3K

A.2. Evaluation Metric Details
In accordance with the OCD protocol, we partition the cat-
egories of each dataset into seen and unseen subsets. For
the three selected super-categories—Arachnida, Animalia,
and Mollusca—we allocate 50% of samples from the seen
classes to the labeled training set DS and reserve the re-
maining seen-class samples, together with all samples from
unseen classes, in the unlabeled query set DQ. Table A.1
summarizes the resulting splits, where |YS | and |YQ| denote
the number of seen and query classes, respectively, and |DS |
and |DQ| indicate the corresponding sample counts.

A.3. Algorithm Pipeline for Flexible Prototype As-
signment

During each training time, for every class c we maintain two
prototype vectors p

(1)
c , p

(2)
c based on the Hyper-Semantic

Space. Given a batch of Bc samples belonging to class c,
we first extract their feature embeddings {zi}Bc

i=1 and stack
them into Zc = [ z1, . . . , zBc

] ∈ RD×Bc . We then com-
pute affinity scoresAc = 1

ϵ P
T
c Zc, Pc = [ p

(1)
c , p

(2)
c ] ∈

RD×2, and apply doubly-stochastic Sinkhorn–Knopp nor-
malization to obtain soft assignment weights Wc =
Sinkhorn(Ac) ∈ R2×Bc , Wc = [wc,1, . . . , wc,Bc ],
where wc,i = (w1

c,i, w
2
c,i) indicates how strongly sample i

aligns with each prototype, capturing intra-class variations.
Using these assignments, we compute the weighted mix-

ture likelihood loss Lsoft−MLE (Equ. 6) that encourages
samples to cluster around their assigned prototypes . In par-
allel, we perform a prototype-level contrastive step: each
prototype p

(k)
c generates two augmented views p̂

(k)
c , p̃

(k)
c ;

we pull together views of the same prototype while pushing
apart views from different classes (Equ. 7). Summing these
gives the FPA objective LFPA (Equ. 8). After computing
gradients, we update network parameters by backpropaga-
tion, while prototypes are updated by momentum averag-
ing: p(k)c ← αp

(k)
c + (1− α) 1

Bc

∑Bc

i=1 w
k
c,i zi, normalized

to unit norm. This iterative process lets the model learn flex-



Algorithm 1 Flexible Prototype Assignment
Batch features X = {xi}Bi=1, prototypes P = {pj}Kj=1, tem-
perature ϵ, Sinkhorn iterations T , EMA momentum m Updated
prototypes P and soft assignments Q̃
Stage 1: Similarity and Unnormalized Assignment 1. Com-
pute similarity matrix S ∈ RB×K :

Sij ← xi · pj .

2. Compute unnormalized assignment scores:

Qij ← exp
(
Sij/ϵ

)
.

Stage 2: Global Normalization 3. Normalize Q to sum to 1:

Q← Q/

B∑
i=1

K∑
j=1

Qij .

Stage 3: Sinkhorn–Knopp Iterations

for t = 1, . . . , T do Qij ← Qij(∑B
i′=1

Qi′j

)
/K

Qij ←
Qij(∑K

j′=1
Qij′

)
/B

Set Q̃← Q *doubly-stochastic assignments

Stage 4: Prototype Update (EMA)

for j = 1, . . . ,K do 1. Aggregate weighted features:

x̄j ←
B∑

i=1

Q̃ij xi.

2. EMA update of prototype:

pj ← mpj + (1−m) x̄j .

return P, Q̃

ible, fine-grained prototype representations and improves
both intra-class cohesion and inter-class separation. The al-
gorithm appears in Algorithm 1.

A.4. Details of the Compared Methods.
Since the OCD task demands real-time inference and is
relatively novel, traditional baselines derived from Novel
Category Discovery (NCD) and Generalized Category Dis-
covery (GCD) are not well suited for this setting. Conse-
quently, we adopt the SMILE mode as our primary com-
parative baseline, alongside three hash-based competitive
methods—SMILE baseline , Prototypical Hash Encoding
(PHE), Ranking Statistics (RankStat), and Winner-take-all
(WTA)—as well as an online clustering technique, Sequen-
tial Leader Clustering (SLC). Below, we provide detailed
descriptions of these previous methods:
• Sequential Leader Clustering (SLC): A classical clus-

tering algorithm designed specifically for analyzing se-
quential data streams, enabling incremental grouping
without revisiting previous samples.

• Ranking Statistics (RankStat): This method constructs

category descriptors by identifying the top-3 ranked in-
dices within feature embeddings, capturing salient dis-
criminative features.

• Winner-take-all (WTA): WTA encodes categories based
on the indices corresponding to the maximum feature val-
ues within predefined groups, providing a robust hashing
mechanism.
Moreover, the proposed two-stage mechanism enhances

the plug-and-play capability of existing models. To demon-
strate this, we integrate our mechanism with both SMILE
and PHE, showcasing improvements over the original
methods. The effectiveness and strong plug-and-play na-
ture of our approach are analyzed and validated in Section
4. For clarity and reproducibility, we provide the detailed
pseudocode in Alg 2. The three main losses can be incorpo-
rated into any OCD method to improve performance(bold
in the pseudocode in Alg 2).

Table A.2. Concrete meaning of the different transformation types.
“ALL” denotes using rotations of 0◦, 90◦, 180◦ and 270◦.

Name Rotation Color permutation M

2 -Rotation 0◦, 180◦ RGB 2
4 -Rotation ALL RGB 4
3 –Color Permutation – RGB, GBR, BRG 3
6 –Color Permutation – all six channel orders 6
2 –Rot + 3 –Color 0◦, 180◦ RGB, GBR, BRG 6
4 –Rot + 3 –Color ALL RGB, GBR, BRG 12
Full Permutation ALL all six channel orders 24

A.5. Enhanced SMILE/PHE and Training Details
SMILE:

As discussed in Section 3.2, the enhanced total loss is:

L = Lsup+Lreg+α·LOOD+β ·LBHR+γ ·LFPA, (A.1)

where Lsup and Lreg are basic losses from SMILE. Follow-
ing our definition, the Lsup formulated as:

Lsup = − 1

|Pi|
∑
p∈Pi

log
exp

(
H(f(xi)) · H(f(xp))

)∑|B|
j=1
j ̸=i

exp
(
H(f(xi)) · H(f(xj))

) .
(A.2)

where the Pi is the positive set in a mini-batch and |B| is
batch size. Similarly, Lreg is formulated as:

ĥi = hash (Hh (f (xi))) , (A.3)

Lreg = −
∣∣∣ĥi

∣∣∣ . (A.4)

PHE:
Following the notation in Section 3.2, we define the en-

hanced PHE training objective as

L = Lp+λ1 ·Lc+λ2 ·Lf+α·LOOD+β ·LBHR+γ ·LFPA,
(A.5)



Algorithm 2 Overall Two-Stage Training Pipeline with Loss Integration
Input: Labeled set L, Unlabeled set U , Pretrained ViT backbone M , Projection head H , epochs E, runs R, views V ,
hyperparameters {η,m, λ}.
Output: Fine-tuned model parameters of M and H .

– Prototype Extraction –
GetPrototypes(M,H,L):
For each class c in L:
Extract original images and apply augmentations;
Compute features via M,H and normalize;
Average to obtain πorig

c and πaug
c .

return {πorig
c , πaug

c }c and class list.
(Π, Cknown)← GetPrototypes(M,H,L).

– Iterative Training –
Initialize optimizer SGD(θM ∪ θH ; η,m, λ) and CosineAnnealingLR over E.
Instantiate HashCenterManager.

e = 1 to E
Training phase:
Set M,H to train mode.
each ({xi}, yi) ∼ L
Generate V views per xi.
zvi ←M(xv

i ); (f
v
i , hi)← H(zvi ); normalize fv

i .

Generate latent OOD prototypes by linear interpolation over Π.
Compute OOD loss LOOD

Compute FPA loss LFPA.
Compute BHR loss LBHR.
Update hash centers via EMA with hi.
Initialize L ← other OCD methods, like L ← LSC + 3Lreg for SMILE, L ← Lp + λ1 · Lc + λ2 · Lf for PHE.
L ← L+ α LOOD.
L ← L+ β LBHR.
L ← L+ γLFPA.
Backpropagate and update θM , θH .

where Lp is the prototype generation loss, Lc = Lsep +
Lq is the hash-center optimization loss combining center
separation and quantization; Lf is the discriminative hash
encoding loss and α and β are weighting hyperparameters
balancing center optimization and hash encoding.

A.6. Data Augmentation Transform

Table A.2 specifies the concrete operations in the trans-
formation set F used to construct the Derived–Known
subspace. In particular, “2-Rotation” applies two rota-
tions (0◦, 180◦), “4-Rotation” applies all four cardinal ro-
tations (0◦, 90◦, 180◦, 270◦), “3-Color Permutation” per-
mutes RGB into {RGB,GBR,BRG}, and “6-Color Permu-
tation” uses all 3! channel orders. Combinations such as
“2-Rot+3-Color” and “4-Rot+3-Color” sequentially apply

rotations and the three color permutations, yielding 6 or 12
variants, respectively; “Full Permutation” uses all four ro-
tations and six color orders (4 × 6 = 24 variants). Varying
the augmentation cardinality M thus enriches each class’s
prototype pair (P par

i , P aug
i ), enabling the model to capture

fine-grained intra-class diversity via Flexible Prototype As-
signment and to reserve sufficient feature capacity for novel
categories.



B. More details on Flexible Prototype Assign-
ment and updating

B.1. Hyperspherical Mixture-of-Prototypes Model
Let fθ : X →RE be a deep encoder and gφ : RE→RD a
projection head. Given an input x, we compute

h = fθ(x), z′ = gφ(h), z =
z′

∥z′∥2
, (B.1)

so that z lies on the unit hypersphere SD−1. We model
the embedding distribution of each ID class c ∈ {1, . . . , C}
as a mixture of K von Mises–Fisher (vMF) components:

p(z | c) =
K∑

k=1

wc
k ZD(κ) exp

(
κ pck

⊤z
)
, (B.2)

where {pck}Kk=1 ⊂ SD−1 are class-conditional proto-
types, κ > 0 is a concentration parameter, ZD(κ) the nor-
malizer, and wc

k are nonnegative assignment weights with∑
k w

c
k = 1.

B.2. Soft Prototype Assignment
Given a mini-batch {zi}Bi=1 and class-conditional proto-
types Pc = [pc1, . . . , p

c
K ], we compute soft assignment

weights Wc ∈ RK×Bc by solving

max
Wc∈W

Tr
(
W⊤

c P
⊤
c Zc

)
+ εH(Wc), (B.3)

where Zc ∈ RD×Bc collects all embeddings of class c,
H(W ) :=−

∑
i,k Wk,i logWk,i is entropy, andW enforces∑

i Wk,i =
1
K and

∑
k Wk,i =

1
Bc

. In practice this yields
the closed-form Sinkhorn solution

Wc = diag(u) exp
(

1
ε P

⊤
c Zc

)
diag(v), (B.4)

with u, v computed by a few Sinkhorn–Knopp iterations.
We then prune each column of Wc to keep only the top-K ′

weights.

B.3. Negative Log-Likelihood Loss
Under the mixture model the probability that zi belongs to
class c is

p(yi = c | zi) =
∑

k w
c
i,k exp(pck

⊤zi/τ)∑
c′
∑

k′ wc′
i,k′ exp(pc

′
k′
⊤zi/τ)

, (B.5)

where τ = 1
κ is the temperature.

Maximizing the joint likelihood
∏

i p(yi | zi) is equiva-
lent to minimizing the negative log-likelihood

LSoft−MLE = − 1

N

N∑
i=1

log

∑
k w

yi

i,k exp
(
pyi

k
⊤zi/τ

)∑
c′
∑

k′ wc′
i,k′ exp

(
pc

′
k′
⊤zi/τ

) .
(B.6)

This encourages each zi to lie near the subset of proto-
types {pyi

k }.

OOD Prototype Augmented PrototypeKnown Sample

Embedding  in Hyper-Semantic Space

Figure B.1. Additional Examples TSNE for Hyper-Semantci
Space

B.4. Prototype Contrastive Loss
To enforce separation among prototypes, FPA adds a con-
trastive term on {pck}. Let p̃i, p̃j denote any two distinct
prototypes; then

Lproto = − 1

CK

CK∑
i=1

log

∑
j: c(j)=c(i), j ̸=i exp

(
p̃⊤i p̃j/τ

)∑
j: (c(j)̸=c(i)∨ j=i) exp

(
p̃⊤i p̃j/τ

) ,
(B.7)

where c(i) is the class of prototype i. This drives same-
class prototypes together and distinct-class apart.

B.5. Exponential Moving Average Update
After computing soft weights wc

i,k for all zi, prototypes are
updated by

pck ← Normalize

(
αpck + (1− α)

1∑
i:yi=c w

c
i,k

×
∑

i:yi=c

wc
i,k zi

)
. (B.8)

with a high-momentum α ≈ 0.99. This decouples pro-
totype updates from gradient steps.

C. Additional Experiment
C.1. t-SNE Visualization on Scars
Figure B.1 presents the t-SNE embedding of SCARS fea-
tures within our Hyper-Semantic Space. Known samples
are plotted in blue, augmented prototypes in green circles,
and OOD prototypes in red triangles. The augmented pro-
totypes closely surround their corresponding known-class
clusters, demonstrating effective modeling of intra-class
variations under different transformations. The OOD pro-
totypes occupy intermediate regions between distinct mod-
els, reserving semantically coherent areas in the embedding



Table C.1. Computation on CUB.

Metric SMILE SMILE+Ours ∆

Samples 281,600 281,600 0
Per-sample FLOPs 1.76×1010 2.11×1010 0.35×1010

Total FLOPs 4.95×1015 5.94×1015 0.99×1015

Forward time (s) 1,024.80 1,050.82 26.02
Backward time (s) 4.57 5.50 0.93
Total time (s) 1,029.37 1,056.32 26.95
Avg. forward/sample (s) 0.003639 0.003732 0.000093
Avg. backward/sample (s) 0.000016 0.000020 0.000004

Table C.2. Computation on Stanford Cars

Metric SMILE SMILE+Ours ∆

Samples 384,000 384,000 0
Per-sample FLOPs 1.76×1010 2.11×1010 0.35×1010

Total FLOPs 6.75×1015 8.10×1015 1.35×1015

Forward time (s) 1,389.88 1,414.53 24.65
Backward time (s) 7.47 9.34 1.87
Total time (s) 1,397.35 1,423.88 26.53
Avg. forward/sample (s) 0.003619 0.003684 0.000065
Avg. backward/sample (s) 0.000019 0.000024 0.000005

space for novel categories. For example, the OOD proto-
type near the lower-left exhibits combined wheel texture
and windshield shape attributes, illustrating how interpola-
tion between two parent prototypes creates a plausible “un-
known” model representation. These results confirm that
our Hyper-Semantic construction generalizes beyond CUB
to Scars, preserving diversity within known classes and re-
serving capacity for emergent categories.

C.2. Additional Examples for Hyper-Semantic Space

In addition to the visualizations presented in Section 4.5, we
include further examples illustrating the organization of fea-
ture embeddings within our Hyper-Semantic Space in Fig-
ure C.1. On the left, original images are mapped to their cor-
responding positions in the Derived-Known Subspace, sur-
rounded by augmented prototypes that capture fine-grained
intra-class variations. On the right, synthesized Out-of-
Distribution (OOD) prototypes are shown, interpolated
between parent-class prototypes to reserve semantically
meaningful regions for novel categories. For instance, the
OOD prototype displayed at the top right exhibits a blend
of coloration and shape attributes from two known bird
species—resulting in a novel olive-brown plumage with a
distinct mask-like eye marking—that closely matches the
appearance of the unseen Common Yellowthroat. These
additional examples corroborate the effectiveness of our
Hyper-Semantic Space in both preserving intra-class diver-
sity and allocating capacity for unforeseen categories.

C.3. Justification of the choice of K = 2

The choice of K = 2 aligns with our “Parent-Derived”
design, while soft assignment functions dynamically to
capture diversity. We further evaluated K by randomly
decomposing the augmentation pool into sub-groups on

Table C.3. Ablation study on the number of prototypes K (All
ACC %). Setting K = 2 is sufficient to capture diversity while
preventing unnecessary redundancy.

Dataset K=2 K=3 K=4 K=5

CUB 41.4 40.8 39.9 40.3
Fungi 41.0 40.2 40.5 40.4

Table C.4. Ablation study on key components. We evaluate the
impact of removing LOOD , LFPA, and LHBR on the All ACC
(%).

Dataset w/o LOOD w/o LFPA w/o LHBR Full

CUB 44.0 44.3 43.4 45.8
SCars 35.8 35.0 36.8 38.8

SMILE+ours. Results in the Tab.C.3 demonstrates K = 2
is sufficient to capture diversity without introducing unnec-
essary redundancy.

C.4. Augmentation Fairness Study
Our Subspace structurally requires paired inputs
(Ppar, Paug) to form the basis, making it inherently
coupled with the augmentation. To demonstrate that the
improvements achieved by our method stem from our
architecture itself and not merely from data augmentation,
we conducted more in-depth experiments. (1) Fairness:
We applied F to generate contrastive views (SMILE)
and inputs for prototype generation (PHE). The marginal
gains (SMILE: 33.0%/26.8%; PHE: 38.1%/31.6% All
ACC on CUB/Cars) confirm that augmentation alone is
insufficient without a compatible structure. (2) Ablation:
By degrading F to standard augmentation, our method still
achieves 40.2%(SMILE) and 44.5%(PHE) All ACC on
CUB, surpassing baselines. This confirms augmentation
is auxiliary, while our holistic design drives the primary
gains. (3) Effectiveness: Tab. 5 shows the change in
four metrics with our framework on two baselines, clearly
demonstrating the border effectiveness of the framework.

C.5. Ablation Study on PHE
We performed additional ablation on Scars/CUB of
PHE+ours in Tab.C.4 , which revealed the same conclusion
as SMILE+ours. This further validates the generalization of
our plug-and-play framework.

D. Computational Consumption
Table C.1 and Table C.2 report the per-sample and total
FLOPs, forward/backward runtimes, and average runtimes
on CUB and Stanford Cars (SCARS), comparing the orig-
inal SMILE baseline with SMILE enhanced by our three



Original OriginalAugmented Interpolated OOD Augmented Interpolated OOD

Example of Hyper-Semantic Space for CUB Example of Hyper-Semantic Space for Stanford Cars

Figure C.1. Additional Examples for Hyper-Semantci Space

modules (FPA, OOD, BHR).
On CUB, SMILE+Ours incurs an additional 0.35 ×

1010FLOPs per sample (from 1.76× 1010 to 2.11× 1010),
resulting in 0.99 × 1015 extra FLOPs over 281,600 sam-
ples. Forward pass time increases by 26.02s (2.5% relative)
and backward pass by 0.93s (20.4%), yielding a total train-
ing overhead of 26.95s (2.6%). Per-sample latency grows
by 0.093ms forward and 0.004ms backward. On SCARS,
the per-sample FLOPs increase is identical (0.35 × 1010),
yielding 1.35 × 1015 extra FLOPs over 384,000 samples.
Forward time rises by 24.65s (1.8%) and backward time
by 1.87s (25.0%), for a total training overhead of 26.53s
(1.9%). Per-sample forward/backward latency increases by
0.065ms and 0.005ms, respectively.

Despite these overheads, the added modules deliver con-
sistent All/Old/New ACC gains of up to 12.8% on CUB
and 7.9% on SCARS (see Section 4), while the total
training-time increase remains below 3%. The majority
of added cost stems from the OOD distance computations
and Sinkhorn normalization in FPA; hash-center updates
contribute only marginal extra ops. These results demon-
strate that our hyper-semantic and assignment-driven en-
hancements impose modest computational burdens while
substantially improving On-the-fly category discovery per-
formance.

Despite the apparent complexity of maintaining both
parent and augmented prototypes in the Hyper-Semantic
Space, the total number of prototypes per class remains
fixed at 2K, where K denotes the number of known classes.
Consequently, the additional computational overhead for
prototype storage and updates is bounded by O(2K × D),
which is negligible compared to the base network’s cost.
This modest expense yields substantial improvements in
On-the-fly Category Discovery performance.

In summary, the additional computational consumption
can condlude as follow:
• Increased Training Time. On CUB, the addi-

tion of Flexible Prototype Assignment (FPA), Out-of-
Distribution (OOD) margin, and Binary Hash Regular-
ization (BHR) modules increases total training time by
26.95s (from 1,029.37s to 1,056.32s), a 2.6% overhead
for 281,600 samples (Table C.1). On Stanford Cars
(SCARS), the overhead is 26.53s (from 1,397.35s to
1,423.88s), a 1.9% increase (Table C.2).

• Additional FLOPs. The per-sample FLOPs grow by
0.35 × 1010 (from 1.76 × 1010 to 2.11 × 1010), adding
0.99× 1015 extra FLOPs over CUB and 1.35× 1015 over
SCARS. Although this represents only a 20% relative in-
crease per sample, it remains small compared to the base
network’s total operations.

• Memory and Storage Overhead. Maintaining two pro-
totypes per class and 10 OOD prototypes requires storing
O(2K + 10) × D feature vectors, which increases peak
GPU memory by approximately 3%, consistent with our
earlier profiling.

E. Limitation

While our proposed Assignment-Driven Hash Learning
framework integrates effectively with existing On-the-Fly
Category Discovery (OCD) methods and yields consis-
tent accuracy improvements, it introduces several non-
negligible computational costs that merit consideration.

These overheads pose practical constraints on large-
scale or real-time deployments and motivate future work
on efficient approximations, selective module activation, or
mixed-precision strategies to further reduce training latency
and memory footprint.



F. Related Work

F.1. Novel Category Discovery (NCD)

The original Novel Category Discovery (NCD) approach,
introduced by Deep Transfer Clustering (DTC) [7], was de-
signed to leverage knowledge from known categories dur-
ing training to distinguish novel categories during testing.
Its generalized extension, Generalized Category Discovery
(GCD) [12, 15, 20, 24], expanded this framework by incor-
porating both old and new categories during testing, creat-
ing a more realistic and challenging scenario where models
must actively determine whether instances belong to known
or novel categories. Several successful methods have been
proposed: SPTNet [22] proposes a two-stage strategy that
combines global and spatial prompts to further fine-tune
the SimGCD model; HiLo [21] decouples domain and se-
mantic features, uses PatchMix with curriculum sampling,
and robustly discovers seen and novel classes under do-
main shifts; and HypCD [12] embeds features in hyperbolic
space and uses hybrid contrastive learning to capture hierar-
chies for robust generalized category discovery. While these
NCD/GCD [2, 4, 6, 9, 13, 16–19, 21, 26, 28] approaches
demonstrate encouraging performance, yet they still suffer
from two core drawbacks: (1)These methods depend ex-
tensively on a fixed query set (the unlabeled data) through-
out training, restricting their capacity to adapt to genuinely
unseen instances and impairing generalization. (2)The of-
fline batch-based processing of query data during inference
renders these models unsuitable for real-time applications
where inputs arrive sequentially and immediate predictions
are needed. To address these constraints, Du et al. [3] pro-
posed On-the-fly Category Discovery (OCD), which fur-
ther extends the paradigm by requiring models to: (1) learn
solely from known categories during training without any
novel class labels, and (2) during testing, both identify novel
categories and incorporate real-time feedback to update the
model dynamically. This formulation presents significantly
greater challenges for model training and adaptation, partic-
ularly in maintaining stability while continuously integrat-
ing new knowledge.

F.2. Deep Hashing

Deep hashing has emerged as an efficient approach for
mapping high-dimensional data to compact binary codes,
where similar objects are represented by proximate hash
codes while dissimilar ones are separated in the Hamming
space. Early methods such as HashNet [1] employed pair-
wise similarity measures, while DPSH [10] and DSH [11]
adopted triplet-based objectives to optimize hash functions.
Although these approaches aimed to learn more refined
mapping functions, they often required substantial compu-
tational resources and faced convergence challenges. Re-
cent advancements, including DPN [5], CSQ [25], and Or-

thoHash [8], have introduced hash centers to ensure both
discriminative and well-distributed binary codes. Con-
ceptHash [14] enables interpretable fine-grained hashing by
associating sub-codes with visual concepts, Wei et al. [23]
explore hierarchical information in hyperbolic space for
semantic-aware image hashing. SMILE [3] and PHE [27]
leverage hash codes for On-the-Fly Category Discovery
(OCD) tasks to dynamically identify categories. These
methods benefit from the effectiveness of hash codes in dis-
tinguishing categories.
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