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Abstract. On-the-fly category discovery requires deciding for each in-
coming test sample whether to assign it to an existing category or spawn
a new one. Existing methods typically implement this decision through
matching-based heuristics, such as radius- or hash-based rules. While ef-
fective in practice, these methods usually treat category birth implicitly
as a fallback when no existing category matches confidently, rather than
as an explicit alternative supported by its own statistical evidence. To
address this, we propose DP-BOA, a posterior-predictive decision frame-
work based on an online Dirichlet-process Gaussian mixture model with
a Normal-Inverse-Wishart prior. During training, we use labeled data
to calibrate a shared NIW prior over category Gaussians and warm-start
the known-category posteriors. At test time, for each incoming sample,
DP-BOA compares the posterior predictive evidence for assignment to
existing categories against the evidence for spawning a new category in-
duced by the DP prior, and then updates category statistics online after
the decision. The method captures anisotropic category geometry and
naturally adapts decision confidence as evidence accumulates. Across
standard OCD benchmarks, DP-BOA consistently outperforms strong
baselines and delivers particularly strong novel-class discovery perfor-
mance while maintaining competitive known-class accuracy. The project
page is available at DP-BOA.

Keywords: On-the-Fly Category Discovery- Generalized Category Dis-
covery- Bayesian Nonparametrics

1 Introduction

Deep learning has achieved remarkable progress in visual recognition [10}/19}25],
but most models still assume a closed world, i.e., all test categories are seen
during training. This assumption rarely holds in dynamic real-world environ-
ments. Open-world settings such as Novel Category Discovery (NCD) [17] and
Generalized Category Discovery (GCD) [43| partially address this issue by using
labeled known classes to organize and discover novel ones in an unlabeled set.
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However, they typically assume offline access to the full unlabeled dataset, which
is impractical in many applications (e.g., autonomous driving, robotics, live con-
tent moderation) where data arrive continuously and decisions must be made
immediately. To address this gap, On-the-fly Category Discovery (OCD) |[11]
considers a strict streaming setting: samples arrive one by one, and the system
must instantly decide whether each sample belongs to an existing category or
should start a new one. This is particularly challenging because early mistakes
can propagate and degrade later decisions.

A key challenge in OCD is the assign-versus-birth decision. It involves two
coupled questions: how to define “new”, and how to represent “old” under a
stream. For the birth, the system needs a reliable criterion for deciding when
a sample should start a new category, and labeled known categories are the
main available source of prior guidance for this decision. For the assignment,
category representations should evolve with the stream: they should be updated
with newly assigned samples, remain uncertain when evidence is scarce, and
become more confident as support accumulates. These suggest that an effective
OCD method should combine an explicit birth criterion with online category
representations whose uncertainty adapts to the amount of observed evidence.

Most existing OCD methods make online decisions via distance- or similarity-
based matching rules [3}[11}28]/57]: a sample is assigned to the nearest prototype
if sufficiently close, otherwise it spawns a new one. While this design is simple
and efficient, it treats category birth implicitly as a fallback from failed assign-
ment, rather than as an explicit alternative supported by its own evidence. It
also brings two limitations. First, such matching rules often induce prototype-
centered regions of fixed shape that ignore direction-dependent covariance (e.g.,
Hamming balls [11,/57], Euclidean balls 28], or angular caps under cosine simi-
larity [3]), which can be misaligned with heteroscedastic and anisotropic feature
distributions (see Appendix M for empirical geometry statistics). Second, thresh-
old control in these methods is typically fixed or heuristic and does not explicitly
model how predictive uncertainty should contract as category evidence accumu-
lates. As a result, it becomes harder to distinguish newly formed categories from
stable ones, increasing the risk of error propagation after early false births.

To address these limitations, we propose DP-BOA, a probabilistic OCD
framework that formulates assign-versus-birth as a Bayesian evidence compari-
son. For each incoming test sample, DP-BOA compares the prior-weighted pre-
dictive evidence for assignment to existing categories against that for spawning
a new category, so that birth is no longer treated merely as rejection by existing
categories but is explicitly evaluated within the same decision framework. We
instantiate this idea with an online Dirichlet Process Gaussian Mixture Model
(DP-GMM) [36}/46] and a Normal-Inverse-Wishart (NIW) prior [4]. Statistics
from labeled known classes are used to initialize known-category posteriors and
to estimate a shared prior over category Gaussians. Full-covariance category
modeling captures anisotropic geometry, posterior-predictive updates allow pre-
dictive uncertainty to contract as evidence accumulates, and the DP prior enables
open-ended category growth.
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We validate these design choices through streaming experiments on standard
OCD benchmarks, consistently outperforming baselines. Ablations further show
that support-set prior calibration, the size- and concentration-dependent DP cat-
egory prior, full-covariance modeling, and evidence-adaptive posterior updates
each contribute meaningfully to the overall gains.

In summary, our contributions are:

— We reformulate OCD as a Bayesian evidence comparison between assigning
a sample to an existing category and spawning a new one, making birth an
explicit alternative rather than an implicit fallback from failed assignment.

— We instantiate this formulation with an online DP-GMM and an NIW prior,
yielding an online posterior-predictive algorithm that leverages known-class
statistics for prior initialization, captures anisotropic category geometry, and
adapts predictive uncertainty as evidence accumulates.

— We demonstrate strong performance on standard OCD benchmarks, partic-
ularly for novel classes.

2 Related Work

2.1 Generalized / Novel Category Discovery

Novel Class Discovery (NCD) [17] aims to cluster novel classes in an unlabeled
set by leveraging a labeled known-class set. Early work focused on pairwise
similarity prediction for clustering |20}/21], while subsequent methods improved
similarity estimation [16}56], feature learning [29}/49,/58,/59], and clustering ob-
jectives [141531/54]. Generalized Category Discovery (GCD) [43] extends NCD to
unlabeled data containing both known and novel classes. Early GCD methods
established strong pool-based baselines with contrastive representation learning
and semi-supervised clustering [43}44,|51,55]. More recent work has explored
several distinct directions, including clustering-oriented representation learning
via mean-shift updates [7], efficient adaptation with spatial prompt tuning 48],
robustness under domain shifts [47], debiased parametric learning with distribu-
tion guidance [30], and hierarchy-aware geometry [31]. Beyond centralized visual
GCD, recent studies have also extended the problem to decentralized and multi-
modal settings. Fed-GCD 35| studies GCD under federated learning, where data
are distributed across clients with heterogeneous label spaces, while language-
or multimodal-assisted methods exploit vision-language models, LLM feedback,
or multimodal alignment to improve category discovery |2}/33,40]. Unlike these
offline, pool-based methods, we target a single-pass streaming setting.

2.2 On-the-Fly Category Discovery

On-the-Fly Category Discovery (OCD) studies a single-pass test stream in which
each incoming sample must be immediately assigned to an existing category or
trigger a new one |11]. SMILE |11] introduces the task and uses instance-level
hash codes with a Hamming-radius rule for online birth-or-assign decisions. PHE
[57] improves this line with prototype-guided hash encoding to better preserve
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category structure in Hamming space. More recent variants incorporate auxiliary
priors: Diff GRE [28] leverages synthesized novel samples through a generate—
refine—encode pipeline, while Sync [3] augments OCD with language-assisted
representations and lightweight active querying. In contrast, we focus on the
standard OCD setting without such auxiliary priors.

2.3 Bayesian Non-parametrics for Mixtures

Our approach builds on Dirichlet-process (DP) mixture models. Blackwell and
MacQueen [5] showed that marginalizing a DP yields the Chinese Restaurant
Process, whose concentration parameter governs new-component creation, and
Sethuraman’s stick-breaking construction provides a constructive representa-
tion [39]. Rasmussen’s Infinite Gaussian Mixture Model [36] popularized DP-
GMMs with Normal-Inverse-Wishart (NIW) priors and closed-form Student-t
predictive densities under conjugacy. Subsequent work studied more scalable or
streaming inference for non-parametric mixtures and clustering [9.38}|46], while
adjacent non-parametric deep clustering and open-world recognition methods
explored related ideas in learned embedding spaces [37,52]. Unlike these meth-
ods, which primarily address unsupervised density modeling or clustering, OCD
requires single-pass online decisions with known class support-set supervision.

3 Method
3.1 Problem Formulation and Preliminaries

We follow the On-the-Fly Category Discovery (OCD) setting [11]. Let Dg =
{(xs,9:) 1M, C X x Vs denote the labeled support set used for training, where Vg
is the set of known classes. For evaluation, the test stream is Dg = {(x‘j—7 yf) §V=1 -
X x Vo, whose label space satisfies Yo = Vs U Yn with Vs N Yy = &, where
Yn denotes the novel classes. Following the standard OCD protocol [11,/57],
only Dg is available during training; at test time, query samples are revealed
sequentially, and their ground-truth labels are used only for evaluation. For each
arriving sample x;, the model must decide whether to assign it to one of the
existing categories or to declare the birth of a new one.

Feature Space. Our method operates in a feature space learned from the la-
beled support set. Specifically, a feature encoder fy maps each sample x; to a
d-dimensional representation z; = fp(x:). We train fp offline on the labeled sup-
port set Dg using the standard supervised cross-entropy loss, and freeze it during
online inference. We deliberately adopt this simple and generic feature-learning
setup to keep the focus of the paper on the birth-or-assign decision mechanism,
rather than on task-specific representation objectives. All probabilistic decisions
are then performed in this fixed feature space. Details are provided in Sec.

3.2 A Probabilistic Framework for OCD

We cast the core assign-versus-birth decision in OCD as a Bayesian evidence
comparison. At time ¢, let K; 1 be the number of existing categories after pro-
cessing the first ¢ — 1 query samples, and let D;_; denote the current online state.
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Fig. 1: Overview of our proposed DP-BOA framework. Our method consists
of two phases. (Top) Offline Initialization: We first train a feature encoder fo
on the labeled set Dg. We then use the extracted features to compute the sufficient
statistics (n, 2z, Sk) for all Kg known classes. These statistics are used to initialize
our DP-GMM model (i.e., calibrate the global NIW hyperparameters from support-set
statistics (Sec.[3.4)). (Bottom) Online Inference: At test time, a new sample x; is
passed through the frozen fy. Our model performs a posterior-predictive birth-or-assign
decision (Eq. )7 comparing the posterior probability of assigning z: to an existing
category (P(c¢ = k|...)) versus birthing a new category (P(c; = new|...)). Based on this
decision, the statistics of the corresponding category are updated online.

Category k

Online update

6/ Jspoouq

Test

For exposition, we write this state as a history of past observations, although in
implementation it is represented only through per-category sufficient statistics.
For an arriving feature vector z;, we choose a decision ¢; € {1,..., K;_1,new}
by maximizing the posterior:

¢ = arg ke{lwr,nlg%hnew} P(ey =k |24, Di—q). (1)

By Bayes’ rule, P(c; = k | 24, Di—1) < P(c; = k | Di—1)p(2z¢ | ¢t = k,Dy—1).
To obtain a tractable online rule, we make two practical modeling approxima-
tions. For an existing category k, once ¢; = k is assumed, the predictive density
depends only on that category’s own history, giving p(z: | ¢; = k, Di—1) = p(2¢ |
DF ). For a new category, we use the prior predictive induced by a shared global
prior estimated offline, so p(z; | ¢; = new, D;_1) = p(z¢ | ¢ = new). This yields

- Ple, =k | Dy DF
& argmax{ke{ﬁ.&,li)%,l}[ (ct = k| De—1) p(ze | D_y)],

(2)
[P(c; = new | Dy_1) p(z¢ | ¢; = new)] }
The remaining task is to specify the two probabilistic components in Eq. (2)):
the category priors P(c; | Dy;—1) and the predictive densities p(z; | -). The
following section details our specifications for each.
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3.3 Probabilistic Modeling via Adapted DP-GMM

As shown in Fig. [1} we instantiate the framework in Eq. with a Dirichlet—
Process Gaussian Mixture Model (DP-GMM) 36| and a Normal-Inverse-Wishart
(NIW) prior. In contrast to standard DP-GMM usage, OCD provides a labeled
support set Dg and requires single-pass online birth-or-assign decisions without
revisiting past samples. We therefore adapt DP-GMM to this setting by using Dg
to estimate a shared prior and initialize known categories. We briefly introduce
DP-GMM in our method below.

Predictive Densities (Gaussian + NIW). To define the continuous density terms
in Eq. and model anisotropic category geometry, we represent each category
k by a full-covariance Gaussian N (z | pg, ). We adopt a Bayesian formu-
lation and place a conjugate Normal-Inverse-Wishart (NIW) prior over the
Gaussian parameters (p, ), parameterized by global hyperparameters 6, =
(po, Yo, 1o, ko). Here, po is the prior mean, ¥ is the scale matrix for covari-
ance, v is the degrees-of-freedom parameter, and kg controls the strength of the
prior on the mean. A key property of this conjugate prior is that, after observing
data, the posterior over (u,3) remains NIW. For an existing category k with
data DF ,, the posterior NIW hyperparameters are 6y, = (ux, Wi, vk, k% ). These
can be computed in closed form from the prior 8y and the sufficient statistics of
category k: the count ny = |DF |, the sample mean 7, and the scatter matrix
Sk = ZzeDi‘;l(Z —Z;)(z — 7). The exact NIW update equations are given

in Appendix C. Integrating out (u, X) yields closed-form multivariate Student-¢
predictive densities t4:

Ko+ 1
S A R
p(z¢ | new) d(zt Ko oo —dT D) 0, 0 + (3)
K +1
DF )=t S B — —d+1 4
p(z¢ | Di_y) d(zt Kk, (e —d+ 1) ks Vk + ) (4)

Because the posterior hyperparameters are updated with accumulated cate-
gory evidence, the predictive density for category k becomes progressively sharper
as ny increases. This allows category uncertainty to contract naturally with sup-
port, rather than being handled only indirectly through heuristic matching rules.
Appendix D provides the derivation and an illustration of how the predictive
density evolves as evidence accumulates.

Category Priors (Dirichlet Process). To define the discrete prior probability
terms in Eq. (2)), we assume a Dirichlet Process (DP) prior [36], which non-
parametrically allows for dynamically expandable category growth.

A standard result from the marginalization of the DP (the Blackwell Mac-
Queen Polya Urn scheme [5,(13]) provides the exact prior probabilities for the
decision ¢; (see Appendix E for details):

23
o+ Ny

@

a+ Ny g

P(ct = k|Dy—1) = (5)

P(ct = new|Dy_1) = (6)
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where ny, is the number of samples in category k, N;—1 = ), ny, is the total num-
ber of samples processed so far, and « > 0 is the DP’s concentration parameter,
acting as a principled “innovation rate” for new categories.

3.4 Initialization from Known Categories

Unlike standard DP-GMM formulations, which are fully unsupervised, OCD pro-
vides labels for a subset of categories through the support set Dg. We therefore
use Dg to calibrate an EB-style NIW prior and to initialize posterior NIW states
for known categories. This initialization plays two roles: (1) it uses Dg to cali-
brate a robust global prior 8y (for the “Birth”), and (2) it initializes the known
categories with their posterior NIW statistics (for the “Assign”).

Estimating global priors. Our global prior is defined by 8y = (o, o, v, ko) and
the DP concentration a. We use the Kg = |Vs| known classes in Dg to estimate
them. For each known category k, let Dy denote the set of support-set features

belonging to that category. First, we define the necessary base statistics:
1

Zi = . Z z (category mean)
zEDy,
Sk = Z (z —2)(z—z;)" (category scatter)
z€Dy,

1 &2
zZ= i ;nkik (global mean)

Ks
1
> within = WK Z Skt (pooled within-category covariance)
k=1

Ks
1
Y means = e 1 Z(Zk —z)(z — Z)T (covariance of category means)
k=1
1 &
nl=_—"— — (average inverse category size).
KSkZ:lnk (average inv gory size)

We use these statistics to estimate the hyperparameters via an empirical-
Bayes method [32](see Appendix F for derivations):

— Prior mean (po): We set the prior mean to the global mean:

— Covariance scale (¥(): We choose the expected value of the prior covari-
ance E[X] to match the pooled within-category covariance:

EX] = Zyithin = ¥ = (10— d— 1) Zyithin (8)

— Mean strength (ro): We estimate xo by matching the trace of the observed
covariance of category means X eans to its theoretical expectation under the
NIW prior:

— 1
Emeans ~ Ewithin (n_l + ) (9>

Ko
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We use the trace approximation to solve this equation.
— Tunable priors (vg,«): While our EB-style calibration sets most NIW
parameters (pg, ko, ¥o) from Dg, two scalars must still be specified: the
NIW degrees of freedom vy and the DP concentration a.
We first focus on vy, which we reparameterize as ng = vy — d — 1 for inter-
pretability. This ny primarily controls the prior predictive density p(z | new)
for the “Birth” hypothesis. Given ¥y = ng Xyithin, the prior-predictive scale
V, in Eq. simplifies to:
Ko+ 1 Ko+ 1 no

v, =

Vo= — 20T~
0 Ho(l/ofd*l*].) Ko n0+2

2within (1O>

and the predictive degrees of freedom in Eq. become v =1y —d+1 =
ng + 2. Thus, ng jointly tunes the “peakiness” (via Vy) and “tail thickness”
(via 1)) of the evidence required to birth a new category. Since a single fixed
constant (e.g., ng = 10) fails to generalize across datasets with different
scales (see Tab. , we propose a data-driven heuristic:

1 &8
ng = min(l n, n ), n=— Nk, (11)
2 cap KS ;

where nc.p is a fixed hyperparameter that limits the maximum prior strength.
This rule is guided by two principles: (1) tying no to 7 interprets it as a
pseudo-sample size, calibrating the prior’s strength to the scale of the ob-
served data; and (2) the cap at nc.p, prevents an over-confident prior on
datasets with large n. This is particularly important in OCD, where an
overly strong prior derived from Dg could suppress the discovery of novel
categories with different covariance structures. Empirically, Eq. yields
consistently strong performance and obviates per-dataset tuning.

For the DP concentration «, we find that model performance is highly robust
to its value. We therefore set a single constant across all datasets; detailed
sensitivity analyses of vy and « are provided in Sec. [1.3]

Initializing known-category posteriors. Finally, we initialize the first Kg = |Vg]|
known categories. Instead of starting them as empty components, we use their
sufficient statistics (ny, zg, Sk) computed from Dg to derive their posterior NIW
parameters (pg, Wi, Vg, ki) using the update rules in Appendix C. These Kg
initialized categories form the initial set for the online assignment process.

This “warm start” ensures not only that the known “Assign” categories are
modeled with high confidence from the outset, but also that the “Birth” hypoth-
esis is governed by a meaningful, data-driven standard (the estimated 6y).

3.5 Online Inference and Update

With the Kg known categories and the global prior initialized, the model begins
processing the query stream Dg. For each arriving sample z;, which could belong
to either an existing category or a novel one, the model must perform the two-
stage process: (1) Inference and (2) Update.
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Decision Rule. First, the model executes the Bayesian evidence comparison
(Eq. (2)) to determine if z; belongs to an existing category (either one of the Kg
known ones or a previously discovered novel one) or represents a new, unseen
category. We substitute the components from Sec. yielding the decision ¢é;:

ko + 1
argmax{[aid(ztm(),ﬁo( 0 Wy, 19 —d+1)],

Vo—d+1)

ta(z] K+ 1
max n Z , ——
ke(l. Koy & Hr kp(vp —d+1)

(12)
@0 —d+1)]}

Online Update. Second, based on the decision ¢é;, the model updates its state
online. This update step is critical for the OCD setting, as it allows the model
to learn from and refine its understanding of novel categories as they emerge.
Due to the conjugacy of the NIW prior, we only need to update the relevant
statistics for the chosen category.

If Assign (¢; = k): We update the sufficient statistics (ng,zx, Sg) of the
chosen category k using standard online update rules |50] (see Appendix G):

npev = nd 41 (13)
1

B =7 (- 7)) (14)

SE = S 4 (20— 2 (20— 2p)T (15)

If Birth (¢ = new): We increment the category count K; = Ky 1 + 1, and
initialize this new category k' = K; with its own sufficient statistics:

ng =1, zZp =12, Sp=0 (16)

These updated statistics (ng,, Ze,, S¢,) are then used to compute the cate-
gory’s posterior parameters (ps,, Ws,, Ve, , Ke,) via the NIW update rules in Ap-
pendix C, which in turn define the category’s predictive density p(z:+1|De,) in
subsequent decisions, thereby fulfilling the “evidence-adaptive” requirement.

Complexity. Since DP-BOA replaces lightweight Hamming/radius checks with
full-covariance Student-t predictive densities and DP-style updates, its online
head incurs additional overhead. Let d be the feature dimension and K the
number of active categories. Because the backbone cost is the same as in prior
OCD methods, we focus on the online head. For each incoming feature, evaluat-
ing full-covariance Student-¢ predictive densities for all existing categories plus
the “new” costs O(Kd?) time, and updating the sufficient statistics and NIW
posterior for the selected category has worst-case cost O(d?). Thus, DP-BOA
has per-sample complexity O(d® + Kd?) time with O(Kd?) memory. In practice,
we cache covariance inverses and log-determinants, so only the affected category
is recomputed after each update. To improve scalability, we further consider
DP-BOA-L, a lightweight variant that replaces full covariance with a rank-r
approximation (r < d) maintained by Frequent Directions |27]:

Dy = 02l + Uy diag(\)U, ,  Up € R r < d. (17)
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Here, the columns of Uy, are the r approximate dominant covariance directions,
Ar contains the corresponding approximate eigenvalues, and o} is the scalar
residual variance used to summarize the covariance outside the low-rank sub-
space. With fixed small 7, its per-sample complexity becomes O(Kdr+dr?) time
with O(Kdr) memory, reducing the dependence on representation dimensional-
ity from quadratic to linear. This preserves the same probabilistic birth-or-assign
principle while bringing DP-BOA-L to the same linear order in both representa-
tion dimensionality and the number of categories as recent OCD heads [31/28,/57].
DP-BOA-L thus serves as a scalability-oriented approximation to full DP-BOA:
it preserves the same online birth-or-assign decision rule, while the low-rank co-
variance representation substantially reduces latency and memory at the cost
of only a small accuracy drop. Appendix K provides the implementation and
detailed complexity analysis of DP-BOA-L.

4 Experiments

4.1 Setup

Datasets. Following [11,57], we conduct experiments on multiple datasets, in-
cluding two generic datasets—CIFAR100 [24] and ImageNet100 [8]—as well as
eight fine-grained datasets: CUB [45], Stanford Cars [23|, Herbariuml19 [41],
Oxford-IIIT Pet [34], and four super-categories from iNaturalist |[42], including
Fungi, Arachnida, Animalia, and Mollusca. Following OCD |[11], the categories
of each dataset are split into subsets of known and novel classes. Specifically,
50% of the samples from the known classes are used to form the labeled set
Dg for training, while the remainder forms the query stream D¢ for on-the-fly
testing. The details of the datasets are provided in Appendix A.

Evaluation Protocol. We follow the protocol [43/57] and evaluate using clustering
accuracy on unlabeled datasets. This metric is calculated by finding an optimal
one-to-one mapping P between predicted cluster indices y; and ground-truth
labels y; with the Hungarian algorithm [26]: ACC = % Zfil 1y, =P (9:)}. We
report model performance separately for known, novel, and all classes.

Implementation Details. We implement our method in PyTorch and run all
experiments on NVIDIA TITAN RTX GPUs. Following OCD [11,28//57], we use a
DINO-pretrained ViT-B/16 backbone [6] and fine-tune only the last transformer
block for 100 epochs. We train with SGD [1] (momentum 0.9) using a cosine
learning-rate schedule from 1.0 down to 10~* and a batch size of 256. Unlike
prior OCD methods [3}/11}/28,/57], we do not rely on sophisticated representation
learning. We simply train the encoder with standard supervised cross-entropy
on the labeled support set and keep it frozen during online inference, so that
any performance gain mainly comes from our probabilistic birth-or-assign head.
After training, we fix the backbone as the encoder fy with feature dimension
d = 768, and set & = 107 and Ncap = 50. All results are averaged over 3 runs
with different seeds.
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Table 1: Comparison with State-of-the-Art methods on the first five datasets (Part
I). We report accuracy for All, Known, and Novel classes. Bold indicates the best
performance. Rows highlighted in gray (marked with T) use external knowledge.

Method Animalia Arachnida CIFARI100 CUB Fungi
All Known Novel All Known Novel All Known Novel All Known Novel All Known Novel
SLC [18] 324 619 193 254 446 114 444 59.0 15.1 28.6 44.0 20.9 27.7 60.0 134

RankStat [16] 31.4 54.9 21.6 26.6 51.0 10.0 35.0 44.0 17.0 21.2 26.9 184 23.8 50.5 12.0
WTA |22] 334 59.8 224 281 555 109 408 529 16.7 21.9 269 194 275 655 12.0
SMILE |11] 359 494 30.3 29.9 579 122 51.6 61.5 31.7 322 509 229 293 64.6 13.6

PHE [57] 403 557 31.8 37.0 757 126 574 721 27.9 364 558 27.0 314 67.9 152
DifGRE! [28] 435 63.2 353 47.7 76.6 294 - - - 425 544 365 - - =
Sync' [3] - - - - - 561 684 315 453 543 409 - - =

DP-BOA 50.7 67.6 43.7 50.6 53.4 49.4 60.7 75.0 32.0 53.4 57.2 51.6 51.8 65.0 46.0

Table 2: Comparison with SOTA methods on the remaining five datasets (Part II).

Method Herbarium19 ImageNet100 Mollusca OxfordPets StanfordCars
All Known Novel All Known Novel All Known Novel All Known Novel All Known Novel
SLC ‘18] 14.9 274 8.1 329 86.5 5.2 31.1 598 15.0 355 41.3 33.1 14.0 23.0 9.7

RankStat |16| 13.8 20.6 10.2 31.1 73.3 9.8 29.3 552 155 33.2 423 284 148 199 123
WTA |[22] 146 21.2 11.1 308 729 194 303 554 17.0 352 46.3 29.3 17.1 244 13.6
SMILE |11] 229 39.3 14.1 33.8 74.2 134 333 44.5 272 41.2 421 40.7 26.2 46.6 16.2

PHE |57 22.6 40.5 129 34.0 80.2 109 399 65.0 26.5 48.3 53.8 454 31.3 61.9 16.8
DiffGRE' [28] - - - - - - 42,6 620 323 49.6 50.1 49.3 27.7 481 178
Synct 13] - - - 44.0 86.2 22.8 - - - 61.6 69.5 57.5 246 34.8 19.5

DP-BOA 30.2 46.4 21.5 33.8 758 12.7 48.9 539 46.3 59.0 63.6 56.6 32.4 588 19.7

4.2 Comparison with the State of the Art

Compared Methods. In Tabs. [[]and 2] we compare DP-BOA against representa-
tive methods on ten benchmarks: three from adjacent settings that are standard
OCD baselines (SLC [18], RankStat [16], WTA [22]) and four OCD-specific meth-
ods (SMILE |11, PHE |57, Dif GRE" [28], Sync' [3]). Methods marked with
use external knowledge (e.g., diffusion models or CLIP+text), making the com-
parison conservative for DP-BOA. For DiffGRE, we report its strongest variant
—PHE + Diff GRE with online clustering inference—which achieves the highest
reported average. ‘“—’ denotes metrics not reported in the original works.

Results. Without using any external knowledge, DP-BOA attains the best All
score on 8/10 datasets. It is particularly strong on novel classes: on CUB, DP-
BOA reaches 51.6% Novel accuracy, a +10.7 point gain over the next-best
method (Sync), and on Mollusca it achieves 46.3% vs 32.3% for DiffGRE
(+14.0). This indicates that our probabilistic framework is highly effective for
the core “on-the-fly discovery” task. Sync obtains higher All accuracy on Ima-
geNet100 and OxfordPets, but relies on CLIP and text. Among methods that do
not use external knowledge, DP-BOA (33.8%) is competitive with PHE (34.0%)
on ImageNet100 and clearly outperforms PHE on OxfordPets (59.0% vs 48.3%).
Overall, DP-BOA sets a new state-of-the-art among OCD methods that operate
purely on the visual stream, offering stronger and more balanced novel-category
discovery without external knowledge bases.
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Table 3: Ablation on probabilistic design choices in DP-BOA. Each row
disables one component while keeping others fixed: w/o po: zero prior mean (no
data—driven centering); w/o Wo: identity prior covariance (no scale matching); w/o
Ko: set ko=1 (no EB estimation of ko); w/o DP prior: remove the DP category prior
terms and score hypotheses using predictive densities only; w/o adapt: freeze NIW
posteriors at test time (no evidence-adaptive updating); Spherical: use an isotropic
covariance instead of a full matrix. Best in bold.

Animalia CUB OxfordPets
Method
All Known Novel All Known Novel All Known Novel
w/0 o 50.1 65.4 43.7 52.9 51.1 53.8 58.1 63.0 55.5
w/o ¥ 47.9 70.6 38.4 40.8 39.8 41.3  56.0 52.0 58.2
w/0 Ko 45.2 59.1 39.4 52.2 51.7 52.4 575 60.1 56.2

w/o DP prior 48.0 71.3 384 523 573 498 571 627 54.2
w/o adapt 40.2  63.7 30.5 359 53.6 27.0 54.7 558 54.2
Spherical 417 61.7 33.5 404 49.0 36.1 47.1 455 47.9

DP-BOA 50.7 676 43.7 53.4 572 51.6 59.0 63.6 56.6

4.3 Ablation and Analysis

Ablation on probabilistic design choices. We ablate our probabilistic design by
disabling one component at a time while keeping all others fixed (Tab. .

Prior initialization. The first three rows remove individual support-set cal-
ibration components of the birth prior. Overall, the full calibrated initialization
(DP-BOA) attains the best All accuracy on all three datasets. Removing the
data~driven prior mean pg has only a mild effect, but discarding the learned
covariance scale ¥ or mean strength kg is clearly harmful. In particular, w/o ¥,
produces the largest drops (e.g., CUB All 53.4—40.8), and w/0 ko consistently
reduces All by 5.5/1.2/1.5 points, indicating that EB scale matching and mean
shrinkage are key to a well-calibrated prior.

Dirichlet—process prior. Removing the DP prior in Eqgs. and (6) (w/o
DP prior) and scoring categories purely by predictive density—treating all ex-
isting clusters as equally likely a priori—degrades performance on all datasets.
Novel accuracy drops from 43.7 to 38.4 on Animalia and from 56.6 to 54.2 on
OxfordPets, suggesting that the DP size- and concentration-dependent terms
help stabilize the birth rate and avoid over-fragmenting categories.

Evidence-adaptive updates. Freezing NIW posteriors at test time (w/o
adapt) is particularly damaging for novel-class discovery. Novel accuracy drops
from 43.7—30.5 on Animalia and 51.6—27.0 on CUB, while Known accuracy
remains relatively high, showing that continuously updating cluster posteriors
with incoming evidence is crucial.

Covariance geometry. Finally, we compare our full-covariance model with
the Spherical variant that enforces isotropy for both prior and posteriors. Con-
cretely, we (i) match the prior scale to the full model by setting W5*" = (1 —
d — 1) 5%1, where 62 = %tr(ZWithin), and (ii) after each NIW update, project
the posterior to spherical by szh — (%tr(%@))l. Even under this calibrated
construction, Spherical lags far behind Full: All drops by 9.0/13.0/11.9 points



DP-BOA 13

Table 4: Sensitivity to no. Bold = best per column, underlined = second-best. Row
7i/2" is our default rule ng = min(n/2, ncap)-

Animalia (72/2=19) CUB (7/2=7) OxfordPets (7/2=24)
All Known Novel All Known Novel All Known Novel

5 40.7  60.7 325 55.4 60.0 53.2 585 62.0 56.6
10 46.5  63.3 39.5 50.7 523 499 578 556 58.9
15 48.0 69.7 390 476 474 46.1 584 554 60.0
20 499  66.6 429 46.2 43.0 48.8 587 61.2 57.5
25 51.4 635 46.4 426 41.7 43.0 60.8 60.9 61.2
50 46.7  58.9 416 399 383 40.7 544  63.2 49.8

n/2* 50.7 67.6 43.7 534 57.2 51.6 59.0 63.6 56.6

no

Table 5: Sensitivity to a. Bold = best per column, underlined = second-best. The
row marked * is our default.

Animalia CUB OxfordPets
All Known Novel All Known Novel All Known Novel

—6 48.8 654 419 524 538 51.7 61.0 609 61.1
-7 49.5  67.1 423 53.0 533 52.9 61.4 629 60.6
-8 50.2 68.5 42.7 52.8 55.0 51.6 59.7 63.2 57.9
—-9*  50.7 67.6 43.7 534 57.2 516 59.0 63.6 56.6
—-10 51.2 66.8 44.7 529 551 51.7 589 648 56.2
—11 49.0 64.0 429 532 56.8 514 59.0 65.0 55.9
—12 50.6  66.7 439 53.5 56.1 52.2 58.3 65.1 54.7

log a

and Novel by 10.2/15.5/8.7 on Animalia/CUB/OxfordPets. This highlights that
modeling anisotropic category shapes is essential for accurate posterior predic-
tives and reliable birth-or-assign decisions.

Sensitivity to ng and o. The reparameterization ng = vy —d —1 controls the tail
heaviness of the Student-t prior predictive, while the DP concentration « sets the
prior odds of birthing a new category. Very small ng makes the birth predictive
diffuse, while large ny concentrates it around the global prior; similarly, too
small « suppresses novel-class creation, whereas too large o can over-fragment
the stream. In Tab. {4 the data-scaled rule ng = min(7/2, nc,p) remains close
to the best All accuracy, within 0.7, 2.0, and 1.8 points on Animalia, CUB,
and OxfordPets. Table [5] shows similar stability for «a: the default loga = —9
is within 0.5, 0.1, and 2.4 All points of the best value on the same datasets.
Although more sophisticated dataset- or stream-adaptive schedules may exist,
we adopt these rules for their simplicity, stability, and near-optimal performance.

Cluster Growth and Estimated Number of Classes. We analyze the evolution of
the number of discovered clusters along the OCD stream. Fig. [2 plots K(¢) on
CUB, showing that DP-BOA exhibits smooth, controlled growth that broadly
tracks the ground-truth trend while remaining slightly conservative. Consis-
tently, Tab. |§| reports Kgna=175/177 on CUB/StanfordCars versus 200/196
ground-truth classes, substantially closer than other baselines, indicating a more
calibrated birth rate without severe stream fragmentation.
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2000, 7 Table 6: Final cluster count.
180- DP-BOA
C Method CUB StanfordCars
%160
g SMILE-16bit 924 896
z 140 PHE-16bit 318 709
120 DiffGRE 116 171
Sync-AL 255 447
100 Yy
1 2 3 4 5 6 7 8 9
Time DP-BOA 175 177
Ground Truth 200 196

Fig. 2: Cluster growth on CUB.

Table 7: Runtime and accuracy—efficiency trade-off. Accuracy, maximum per-
sample latency (Lat.) in milliseconds, and head memory (Mem.) in MB. Numbers in
parentheses denote the number of categories.

Animalia (77) CUB (200) StanfordCars (196)
Method All Known Novel Lat. Mem. All Known Novel Lat. Mem. All Known Novel Lat. Mem.

DP-BOA  50.7 67.6 43.7 46.1 299.2 53.4 57.2 51.6 81.7 619.2 32.4 58.8 19.7 829 626.7
DP-BOA-L 49.2 642 429 34.0 40.5 522 546 509 50.3 51.0 31.5 54.7 20.2 44.2 49.7

Efficiency. To complement the theoretical complexity in Sec. [3.5] we report the
wall-clock cost and head memory footprint of DP-BOA and its low-rank variant
in Tab. [7] Although full DP-BOA uses full-covariance posterior predictive and
therefore incurs a quadratic memory cost in the feature dimension, its absolute
overhead remains moderate in the OCD setting: the maximum per-sample la-
tency is below 83 ms on the reported benchmarks, and the head memory remains
below 0.7 GB. Overall, DP-BOA trades additional computation and memory for
accuracy, but the resulting overhead remains moderate and practically accept-
able in the OCD setting.

To further mitigate the cost of full-covariance modeling, we evaluate DP-
BOA-L. As shown in Tab. [7]] DP-BOA-L preserves most of the accuracy of full
DP-BOA while substantially reducing both latency and head memory. Its All
accuracy drops by only 1.5, 1.2, and 0.9 points on Animalia, CUB, and Stanford-
Cars, respectively, while head memory is reduced from 299.2/619.2/626.7 MB to
40.5/51.0/49.7 MB and maximum latency decreases from 46.1/81.7/82.9 ms to
34.0/50.3/44.2 ms. The reduction is especially clear on CUB and StanfordCars,
where the larger number of categories makes the full-covariance head more ex-
pensive. Overall, DP-BOA-L offers a favorable accuracy-efficiency trade-off and
provides a practical approximation for larger-K or resource-constrained settings.

Robustness to stream order. We use the standard OCD protocol following prior
work [57] and evaluate all methods on the same query stream for controlled com-
parison. To test whether DP-BOA relies on this ordering, we construct bursty-
correlated streams by shuffling samples within each ground-truth class, grouping
them into chunks of up to B = 10 samples, and then randomly shuffling these
chunks, while keeping the same support/query split, query set, and evaluation
metric. This induces stronger local temporal correlation than the standard pro-
tocol. As shown in Tab. 8] DP-BOA outperforms SMILE and PHE in All and
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Table 8: Robustness to bursty-correlated stream orders. We use local class
bursts of size B = 10 to induce strong temporal correlation. Best results are in bold.

Pets StanfordCars CUB
Method All Known Novel All Known Novel All Known Novel

SMILE 40.0 46.2 369 25.1 42.0 16.9  30.9 50.0 21.2
PHE 47.0 45.5 479  30.5 62.0 153 33.8 45.9 27.8
DP-BOA 58.3 57.7 58.5 35.0 57.3 24.2 50.5 56.8 47.3

Novel accuracy on all three datasets, with a particularly large gain on CUB
(+16.7/ + 19.5) points in All/Novel accuracy over PHE, suggesting that its
gains do not rely on a favorable random stream order.

5 Conclusion

We revisited on-the-fly category discovery from the perspective of probabilis-
tic decision-making. Instead of relying on heuristic matching rules, DP-BOA
formulates the assign-versus-birth choice as a Bayesian evidence comparison,
combining a Dirichlet-process prior for open-ended category growth with NIW
posterior predictives for geometry-aware and evidence-adaptive online decisions.
By leveraging labeled known classes to initialize both the global prior and known-
category posteriors, DP-BOA provides a new framework for streaming category
discovery and achieves strong performance across standard OCD benchmarks.

Limitations and future work. DP-BOA is designed for the conventional OCD
setting, where online decisions must be made efficiently without revisiting past
samples. First, given the limited auxiliary information in this protocol, we use
a small set of hyperparameters and simple fixed defaults, a common practice
in Bayesian nonparametric mixture models [12,/15]; these defaults already yield
strong empirical performance. In richer scenarios, extra signals (e.g., prior knowl-
edge about class granularity or semantic side information) could potentially en-
able more adaptive hyperparameter calibration. Second, for efficiency, each cat-
egory in our method is modeled by a single elliptical component, which provides
a strong accuracy—efficiency trade-off on diverse benchmarks. When streams ex-
hibit more complex intra-class structure, such as multi-modality or non-elliptical
geometry induced by domain shift, more complex and expressive category mod-
els (e.g., multi-component or non-Gaussian likelihoods) may further improve
robustness [4,[36]. However, such expressiveness typically increases latency and
memory due to additional state maintenance, and may also introduce extra pa-
rameters. A future direction is to incorporate richer category models into our
probabilistic framework while reducing these overheads.
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