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Supplementary Material

Appendix Overview

In this appendix, we provide additional details and exper-
imental results for the main paper. Section A presents a
comparative study of CLIP and DINO as backbones for
the On-the-Fly Category Discovery (OCD) task. Section C
discusses the effectiveness of the AutoTau mechanism and
other results under varying hyperparameters. Section D of-
fers a theoretical analysis of the Minimizing Kernel Energy
& Maximizing Entropy (MKEE) approach and its impact
on known-class accuracy. Finally, Section E addresses the
limitations of our proposed method and suggests potential
future improvements.

A. Backbone Control Study

To further validate that CLIP serves as a more effective
backbone than DINO for On-the-Fly Category Discovery
(OCD), we perform additional experiments under two algo-
rithmic variants: the standard Greedy-Hungarian (our main
evaluation protocol), and a stricter variant Strict-Hungarian,
where pseudo-unknown samples are only used to model
novel categories without influencing predictions for known
classes. Results are reported in Table 5.

Across both settings, switching from DINO to CLIP
consistently improves performance for SMILE, PHE, and
our proposed LTC—especially on the four fine-grained
datasets. This trend aligns with findings in Liu et al. [30],
which compares CLIP and DINO using identical architec-
tures (ViT-B/16) and training data (ImageNet-style corpus
of 100M images). Their study shows that CLIP yields
stronger results in fine-grained classification due to its
vision-language pretraining, which helps the model cap-
ture high-level semantic distinctions between visually simi-
lar yet categorically different classes. This capability is par-
ticularly well-suited to OCD, where recognizing subtle dif-
ferences among previously unseen categories is essential.

We therefore suggest building OCD-related tasks upon
a CLIP-pretrained backbone, in order to fully leverage its
semantic representation capabilities and achieve stronger
performance. Future work should also explore model de-
signs that are better aligned with CLIP-pretrained ViT-B/16,
aiming to further exploit the rich high-level semantics it
encodes and enhance novel category recognition in open-
world scenarios.

B. Implementation Details
B.1. Dataset Details

As outlined in Table 6, our method is evaluated across
multiple benchmarks. Following the protocol established
in prior OCD works [11, 63], the categories within each
dataset are divided into subsets of seen and unseen cate-
gories. Specifically, 50% of the samples from the seen cate-
gories are used to form the labeled training set Dg, while the
remainder forms the unlabeled set D, for on-the-fly testing.

Table 6. Statistics of datasets used in our experiments.

CUB Scars Pets Food CIFAR10 CIFAR100 ImageNet100

|[Yo| 200 196 38 101 10 100 100
|Ys| 100 98 19 51 5 50 50

|Ds| 15K 2.0K 09K 19.1K 125K 12.5K 325K
|Dg| 45K 6.1K 2.7K 56.6K 375K 37.5K 97.5K

B.2. Training Details

We use the AdamW optimizer with a learning rate of
1 x 1072 for both the backbone and projection head, and
apply a weight decay of 0.05. All models are trained for 100
epochs with a consistent batch size of 128 across all datasets
to ensure fair comparison with prior methods. For MKEE,
we sete = 0.05,09 = 1, A, = 0.1. The warm-up period for
MKEE is set to 1 epoch, meaning the perturbation is acti-
vated starting from the second epoch. All experiments were
run on NVIDIA RTX 4090 GPUs.

B.3. Compared Methods Details

Following the experimental setup in SMILE [11] and
PHE [63], we evaluate our method against several competi-
tive baselines. Below we provide brief descriptions of each:
Ranking Statistics (RankStat). [14] AutoNovel employs
ranking-based heuristics, using the top-3 indices from fea-
ture embeddings to encode each category. This approach is
naturally compatible with OCD due to its lightweight de-
scriptor and nonparametric clustering behavior. To ensure
fairness, we use the same DINO-ViT-B-16 backbone and
discard auxiliary training stages that require access to unla-
beled unknowns. The embedding is projected to 32 dimen-
sions, yielding a total prediction space of C35, = 4,906,
which is on par with SMILE (2'2 = 4096) when using 12-
bit binary codes.

Winner-Take-All (WTA). [21] As an alternative to Rank-
Stat, WTA mitigates reliance on global embedding order by



Table 5. Comparison of variants.

Method Backbone

| CIFAR10(%) | CIFAR100(%) | ImageNet-100(%) | CUB-200-2011 (%) | Stanford Cars (%) | Oxford Pets (%) |

Food101 (%)

| Al Old New| Al Old New | Al Old New | Al Old New | Al Old New | Al Old New | Al Old New
g SMILE DINO 782 993 67.6 | 613 707 425|399 871 162 |41.1 67.6 278 |334 584 213 |541 66.1 478 | 344 640 194
§C SMILE CLIP 824 974 749|564 646 400|475 710 357 | 437 697 308 |367 572 268 |582 775 481|405 704 252
s PHE DINO 83.0 980 755|648 788 369|531 835 381 |469 760 324 |463 783 30.8 | 633 913 486|500 893 300
E PHE CLIP 793 97.0 704 |66.1 803 375|529 878 355|442 703 31.1 |464 781 31.1 |641 862 524|478 884 27.0
-g LTC DINO 80.5 98.1 71.7 | 668 812 378|540 905 357 |519 829 363 |423 795 244 |68.6 925 56.0|43.0 822 230
3 LTC CLIP 88.6 98.1 838|707 815 493|556 877 395 |57.8 839 448 |56.6 903 404 |73.0 92.6 627|547 90.7 364
5 SMILE DINO 499 399 549|516 61.6 31.7 338 742 135|322 509 229 |262 466 163 |429 387 451|242 543 88
E SMILE CLIP 51.9 197 68.0 | 46.7 553 295|357 414 328 | 347 552 245 |324 462 257 | 403 374 418|333 563 215
%a PHE DINO 53.1 193 70.0 | 560 70.1 278|392 493 341 | 364 558 270 |313 619 168 |483 538 454|291 647 111
IT PHE CLIP 524 183 695 | 568 719 265|392 60.7 284 |351 545 254 |362 542 274 |520 523 519|335 58.6 206
g LTC DINO 539 195 71.1|57.7 751 228 |41.0 615 307 | 359 524 276 |326 598 194 |523 522 524|297 666 109
3 LTC CLIP 546 193 723|600 735 328|459 679 350 |425 S51.7 378 |493 740 374 |589 595 585|376 723 367

selecting index maxima within local feature groups. We di- analysis with o = 0.7 and 7, = 0.5. The results, as

vide the 48-dimension embedding into three parts and ex-
tract the index of the maximum value in each, forming a
descriptor of length 3. The resulting prediction space is
163 = 4096, aligning with other methods for consistent
comparison.

Sequential Leader Clustering (SLC). [15] SLC is a clas-
sic online clustering method for streaming data. We train
the encoder using only labeled support data and apply SLC
on extracted features during test time. Hyperparameters are
tuned on CUB and fixed across all datasets to ensure com-
parability.

Meta-Learning for Domain Generalization
(MLDG). [26] Unlike conventional NCD approaches
that leverage both support and query sets, OCD restricts
training to known-class samples, posing a generalization
challenge. To address this, we adapt MLDG for the OCD
setting, treating different classes as meta-train and meta-test
domains in each iteration. MLDG is then applied on top
of our baseline model to promote domain-robust feature
learning across class boundaries.

C. Additional Results under Varying Hyperpa-
rameters

C.1. Effectiveness of AutoTau

We further investigated the effectiveness of the AutoTau
mechanism on the CUB dataset. Using both the Strict Hun-
garian and Greedy Hungarian metrics, as shown in Fig. 6,
AutoTau significantly mitigates the impact of suboptimal
initial thresholds (7)) and improves model performance.
Notably, the enhancement is more pronounced when eval-
uated using the Strict Hungarian metric. As demonstrated
in Fig. 7, the improvement reaches around 5% for certain
suboptimal initial values of Tiy;.

C.2. Additional Hyperparameter Sensitivity

To assess the sensitivity of the model to hyperparameters,
we conducted experiments with varying values of o and

Ymm- Specifically, we performed parameter sensitivity

shown in Fig. 8, demonstrate that selecting the appropriate
parameters can influence the model’s performance by ap-
proximately 2%.

D. Theoretical Analysis of MKEE

This appendix analyzes why MKEE (Minimizing Kernel
Energy & Maximizing Entropy) improves novel-category
discovery while slightly lowering known-class accuracy in
On-the-Fly Category Discovery (OCD). The analysis ex-
plain the trade-offs observed in experiments, such as the
significant gains in novel class accuracy accompanied by
a minor decline in known class performance.

D.1. Rationale for One-Step Gradient Approxima-
tion Perturbation

The objective of MKEE is to generate pseudo-unknown
samples xp,s by maximizing entropy and minimizing ker-
nel density to encourage model uncertainty:

J(x) = H(p(y|r)) — Aip(x),

where H(p(y|r)) = — ) .pclogp. is the predictive en-
tropy, and p(x) estimates the kernel density of the sample
in the known feature space. The Mixup sample zpix =
Az; + (1 — X)x; is perturbed via gradient ascent:

V. J(x)
[VaT ()2

These samples are used in training through a max-margin
loss (as described in Section 3.3 of the main text) to jointly
optimize known and unknown categories. To justify the
one-step rule, we apply Taylor’s theorem with Lagrange re-
mainder: for any small Az,

Tpus = Tmix T € -

T+ Az) = J(z) + VoT(2) Az + A2 H, (€)Ax,

where H, (&) is the Hessian at some point &. If || H,,(£) |2 <
L locally, then

J(x+Az) > J(2) + VoT (z) " Az — L||Az3.
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Figure 6. Performance comparison of AutoTau against fixed 7ini values using the Strict Hungarian and Greedy Hungarian metrics. AutoTau
improves model performance by mitigating the impact of suboptimal initial thresholds.

10
<
s
ot
45
40 L7
35
3
<30
g
Z
£ 25
3
g
<20
159 —e= tau_beta=0
—#— tau_beta=0.001
101 —— tau_bew-0.01

0.0 0.2 0.4

tau_train

V2 ACC-All

0.6

Figure 7. Impact of AutoTau on performance with different 7in
values. The improvement is more significant in the Strict Hungar-
ian metric, reaching up to 5% for suboptimal 7ini; values.

Maximizing the right-hand side over the ball {||Az|ls <

e} yields the optimal step Az* = eV, J (2)/||V+T (z)]]2,
with an improvement lower bound:

T(@+ M%) > J(2) + | VoI (@)]2 — Se2.

This derivation validates the practicality of the one-step gra-
dient rule, as it ensures a guaranteed increase in 7 («) under
reasonable smoothness assumptions.

D.2. Why MKEE Slightly Reduces Known-Class
Accuracy?

Impact of Entropy Maximization on Known Classes.
Consider a classification model that outputs a probability
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Figure 8. Parameter sensitivity analysis for o and ~,nm. The
results show the performance variations with different values of
these hyperparameters.

distribution p(y|z). For known classes, the training objec-
tive minimizes the cross-entropy loss to encourage high-
confidence predictions (i.e., entropy minimization):

K
Ece = _EzNka,wn Zyc lngc(m) ;

c=1

where 3. is the one-hot encoded label. This pushes the
model toward Dirac-like distributions for known samples,
resulting in low entropy. In contrast, MKEE generates
pseudo-unknown samples that require high entropy (low



confidence). This conflict introduces an adversarial dy-
namic during optimization.

For a linear classifier with logits ¢(x) = Wxz+b and soft-
max probabilities p.(z) = exp(le(x))/ D 1 exp(lr(x)),
the predictive entropy H (p(y|z)) is a function of £(z). Min-
imizing L. drives ¢(Zxnown) to extreme values, reducing
entropy, while entropy maximization for 2y pulls £(@pys)
toward zero to equalize logits. When both objectives are
combined, the total loss effectively includes an entropy reg-
ularization term:

£t0tal = Ece + ﬂEmwpseudo—unknown [H(p(yu))} .

This regularization softens decision boundaries, improving
generalization to novel classes but reducing the sharpness of
predictions for known classes, leading to a slight accuracy
drop. Notably, MKEE achieves this indirectly through sam-
ple generation rather than direct loss modification, which
avoids training instability associated with opposing loss
terms.

Effect of Kernel Density Minimization. The kernel den-
sity term p(z) in MKEE pushes samples away from dense
regions of the known class distribution. While this exposes
the model to out-of-distribution samples, it is beneficial for
novel class discovery, and also biases decision boundaries
away from known class centroids. Statistically, the density
minimization acts as a penalty term:

»Ctolal ~ »Cce + ﬂlH(p(y‘lpus)) - 62P(xpus)7

promoting robustness at the cost of marginal accuracy for
known classes near decision boundaries. This explains the
observed trade-off where known class accuracy decreases
slightly while novel class accuracy improves substantially.

D.3. Correspondence with Experiments

Empirical results align with the theoretical analysis: MKEE
consistently enhances novel class accuracy with a minor
known class degradation (e.g., -1% on datasets like CIFAR-
10). This trade-off is acceptable in OCD, where novel class
discovery is prioritized. The adaptive threshold calibration
in MKEE (Section 3.3 of the main text) mitigates this de-
cline by dynamically balancing the novelty trigger. The pa-
rameters A\; and (3 allow tuning the trade-off, though future
work could explore finer sample generation strategies to
minimize known class impact while preserving novel gains.

E. Limitations Discussion

Balance Between New and Old Category Accuracy. In
our experiments, we observed that the accuracy of the old
categories may slightly degrade when using the MKEE ap-
proach. This is a trade-off we face in the pursuit of signifi-
cantly improved new category discovery capabilities. While
the proposed method excels at detecting new classes, this

comes at the expense of some loss in performance on the
old categories. In future work, a key challenge will be
to develop methods that mitigate the forgetting of old cat-
egory knowledge while maintaining the ability to effec-
tively discover new categories. Techniques such as contin-
ual learning, knowledge distillation, or regularization strate-
gies might be useful in addressing this limitation and en-
suring more balanced performance across both known and
novel categories.

Exploring the Integration of Textual Modality. Our cur-
rent approach leverages the CLIP backbone, which primar-
ily utilizes visual data. However, incorporating additional
modalities, particularly textual information, into the OCD
task presents an intriguing avenue for future exploration.
The integration of text can potentially enhance the model’s
ability to generalize across categories and improve the dis-
covery of novel classes, especially in scenarios where la-
beled data is sparse or ambiguous. Exploring how to ef-
fectively combine multimodal data, such as by aligning text
and image representations, could further enrich the model’s
understanding of complex class relationships.
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