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Abstract

We study few-shot online clustering (FSOC),
where an unlabelled stream must be assigned
to a dynamically growing cluster inventory us-
ing only a few labelled support examples for
currently observed classes. We propose a two-
component test-time gradient-free framework.
First, we adapt Wasserstein Generative Flow
Networks (WGFN) as an amortised LLM-based
policy for in-distribution assignment and out-
of-distribution (OOD) rejection. Unlike prior
work that trains separate policies for each eval-
uation class set, we show that a single policy
trained on a few classes generalises to novel
support classes at test time without parame-
ter updates, and further replace fixed rejec-
tion thresholds with a Dirichlet evidence model
over candidate class assignments. Second, re-
jected OOD examples enter an oracle-mediated
cluster-formation stage. Under shuffled stream
orderings, this stage can create noisy provi-
sional support sets that corrupt later assign-
ments. To address this, we introduce a von
Mises—Fisher Dirichlet Process Mixture Model
warm start to provide oracle-independent clus-
ter structure over unit-normalised text embed-
dings before oracle-mediated formation. This
improves clustering quality, in some settings
by ~2x, even with small LLMs (< 1B param-
eters). To our knowledge, this is the first FSOC
framework to couple amortised LLM-based as-
signment with Bayesian non-parametric warm-
starting, enabling growing cluster inventories
without data augmentation, novel-class param-
eter updates or predefined cluster counts.

1 Introduction

The majority of textual data arrives as unlabelled
streams, making online clustering a key step for
organising data in applications such as real-time
event monitoring (Miranda et al., 2018; Sara-
vanakumar et al., 2021), intent discovery and di-
alogue systems (Zhang et al., 2021a; Song et al.,
2023), and LLM pretraining (Sorscher et al., 2022;
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Abbas et al., 2023; Vo et al., 2024). Unlike offline
clustering, which assumes access to the full dataset,
online clustering assigns examples sequentially and
must adapt as the data distribution changes (Garcia
et al., 2025). This setting is challenging because
the number of clusters can grow over time, incom-
ing examples may induce cluster fragmentation or
collapse (Mahon and Lukasiewicz, 2024), and new
clusters may drift semantically from existing ones
(Losing et al., 2018; Garcia et al., 2025). These
challenges are amplified in few-shot online cluster-
ing (FSOC), where only a few labelled support ex-
amples are available for currently observed classes.
We study FSOC as a support-conditioned form
of online clustering. The stream is unlabelled and
the final number of clusters is unknown, but the
model receives a few labelled support examples for
currently observed or confirmed classes. At each
step, it must either assign an example to the current
support inventory or reject it as out-of-distribution
(OOD) so that a new cluster can be formed. Thus,
FSOC combines few-shot supervision with open-
set assignment and open-world cluster discovery.
We propose a two-component test-time gradient-
free framework. First, an amortised LLM-based as-
signment policy handles in-distribution assignment
and OOD rejection. Second, OOD-routed exam-
ples are passed to an LLM-oracle-mediated cluster-
formation stage, which groups them into provi-
sional support sets for newly emerging classes.

Our contributions First, we adapt Wasserstein
Generative Flow Networks (wWGFN) from few-
shot open-set classification to FSOC by turning
wGEN into a reusable LLM-based assignment-and-
rejection policy for a changing support inventory.
Unlike prior work, a single policy trained on only
a few classes can assign or reject examples from
novel support classes introduced only through few-
shot support examples at test time, without param-
eter updates. We further replace fixed Z-score re-
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jection with a Dirichlet evidence model over candi-
date class assignments. Second, we define the full
FSOC pipeline by using wGFN for in-distribution
assignment and invoking an instruction-tuned LLM
oracle only for OOD-routed examples and provi-
sional cluster formation. We evaluate our approach
across NER, intent detection, and fine-grained emo-
tion clustering under class-incremental and shuf-
fled stream orderings, and show that we outper-
form multi-step CoT reasoning across all clustering
quality metrics. Third, we introduce a von Mises—
Fisher Dirichlet Process Mixture Model (vMF-
DPMM) warm start over unit-normalised LLM em-
beddings. This provides oracle-independent clus-
ter structure before oracle-mediated formation and
mitigates noisy provisional support sets that can
corrupt later assignments under shuffled streams.

2 Related work

FSOC sits at the intersection of few-shot assign-
ment, OOD rejection and online cluster formation.
Therefore, we review work on closed-set few-shot
classification, LLM-based clustering, Bayesian
non-parametric clustering and GFNs for LLMs.

Few-shot assignment and clustering Few-shot
NLP includes episodic meta-learning (Bao et al.,
2020; Zhang et al., 2021b, 2022a; Singh et al.,
2024), in-context learning (Brown et al., 2020; Min
et al., 2022), instruction tuning (Wei et al., 2022a;
Chung et al., 2024) and parameter-efficient adapta-
tion (Lester et al., 2021; Li and Liang, 2021). The
most relevant line for FSOC is support-conditioned
few-shot classification, where a model assigns each
query to one of the displayed support classes in an
N-way K-shot episode. These methods are typi-
cally closed-set, whereas FSOC must also reject
queries that do not belong to the current support
inventory and incorporate newly emerging classes
online. Representation-based few-shot clustering
methods based on Sentence-BERT (Reimers and
Gurevych, 2019), contrastive learning (Zhang et al.,
2021b, 2022b; Mou et al., 2022), SetFit (Tunstall
et al., 2022), and prototypical objectives (Zhang
et al., 2021a; Chen et al., 2022) provide strong as-
signment signals, but usually require large episodic
training sets, rely on domain-sensitive augmenta-
tion, or operate in batch mode.

LLM-based clustering and augmentation Prior
work uses LLMs to define cluster structure through
natural-language descriptions, constraints, sum-

maries, or generated data. ClusterLLM (Zhang
et al., 2023), TopicGPT (Pham et al., 2024), TnT-
LLM (Wan et al., 2024), IDAS (De Raedt et al.,
2023), GoalEx (Wang et al., 2023), and related
methods Diaz-Rodriguez (2026) improve inter-
pretability or refine embedding spaces, but typi-
cally assume a fixed cluster count or lack a mecha-
nism for incrementally accommodating new cate-
gories as data streams in. Other methods use LLMs
as data generators to expand small labelled sets
(Yoo et al., 2021; Ye et al., 2022; Dai et al., 2025;
Sahu et al., 2023; Viswanathan et al., 2024), but
this adds compute overhead and a hard-to-control
dependence on the LLM’s pretraining distribution.
We instead study few-shot online clustering with-
out augmenting the support set.

Bayesian non-parametrics and GFNs Bayesian
non-parametric (BNP) models (Batmanghelich
et al., 2016; Chen et al., 2021), such as Dirichlet
process mixture models (Ferguson, 1973; Anto-
niak, 1974), hierarchical Dirichlet processes (Teh
et al., 2006b), and DP-means (Kulis and Jordan,
2012), provide a principled way to infer the num-
ber of clusters from data. Their core limitation
in our setting is data hunger: BNP posteriors of-
ten require enough observations per component
for stable posterior concentration. We use BNP
clustering differently, as a warm start that pro-
vides oracle-independent structure before LLM-
mediated cluster formation. Generative Flow Net-
works (GFNs) (Bengio et al., 2023) train stochastic
policies to sample structured objects proportion-
ally to a reward, and have been shown to amortise
intractable posterior inference in LLMs. Singh
and Yannakoudakis (2025) use Wasserstein-GFNs
(wGFN) for few-shot open-set classification with
Gaussian Process (GP)-based in-distribution (ID) /
OOD decisions, but do not study whether one pol-
icy can be reused as the support inventory changes
online. We instead test this property and use it
inside an FSOC pipeline.

3 Evaluating test-time generalisation of
wGFN to novel support classes

The assignment component of our FSOC frame-
work relies on a key property: a wGFN policy
trained on a small fixed class set should remain
usable when the support inventory changes at test
time. We therefore first isolate this question be-
fore evaluating the full online clustering pipeline.
Specifically, we test whether a single wGFN policy
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trained on a small fixed set of classes can assign
and reject examples from novel support classes in-
troduced only through few-shot support examples.

Core principle of wGFN Given a few-shot sup-
port set X of K examples per class Y, Singh and
Yannakoudakis (2025) sample latent sequences
Z ~ pum(Z | X) from a frozen (base) LLM
which serve as class descriptors, and train a pol-
icy ggpn Via the subtrajectory balance objective
(Madan et al., 2023) given by:

Lsurs(Z;0)=>_ > (D
1<j<n 0<i<y
R(z13T) [Ty a(2nl210-1)a (T |21:5)

(0)
& R(z15 T)a(T]210)

to map each sampled latent Z to its corresponding
label Y with a high reward R(X ZY") (effectively,
R(XZY) x qagrn(XZY), thus training a pol-
icy model ¢ to maximise the reward assigned
to the correct latent — label mapping). At infer-
ence, if a test example’s latents come from a known
class distribution, ggpn assigns them high prob-
ability relative to the base LLM and a confident
in-distribution (ID) assignment. Conversely, if the
latents come from an unknown distribution, they
cannot be confidently mapped to any support label,
yielding an OOD prediction. We present a detailed
overview in Appendix A.

Extending wGFN to novel classes Let Cyrgin
denote the classes used to train ¢gen, Csupport the
classes represented in the few-shot support set at
test time, and Cl.s; the full set of classes evaluated
at test time. For a given support inventory, exam-
ples from Ciypport require ID assignment, while
examples from Coop = Clest \ Csupport require
OOD rejection. Singh and Yannakoudakis (2025)
explicitly set Cirqin = Casupport, thus evaluating
qGen only on the same set of classes used for train-
ing ggrn. We instead evaluate the harder setting
where Coupport \ Cirain # 0. Therefore, some
support classes are introduced only through few-
shot demonstrations at test time and have never
received explicit policy training. The dual objec-
tive, is then to assign test examples to one of the
Csupport classes or reject them as OOD using the
amortised policy model ggrn.

Experimental setup We conduct experiments on
MultiNERD (Tedeschi and Navigli, 2022) using
Llama-3.2 1B, 3B & Llama-3.1 8B (MetaAl, 2024)

model backbones. Each backbone is trained with
the wGFN objective on Cyyqin, Where |Chrgin| =
3 and evaluated on a fixed test set Ci.sr With
|Ciest| = 10. We vary the support inventory from
|Csupport| = 3 to 10 and evaluate two settings:

— Incremental: We begin with few-shot
demonstrations for classes in Ciygipn, SO initially
Csupport = Ctrain. We then add one novel support
class at a time, update |Csypport| <= |Csupport| + 1,
sample few-shot demonstrations for all classes in
Csupport and record ID and OOD performance af-
ter each update. This evaluates how wGFN scales
as the support inventory grows beyond the classes
used for policy training.

— Disjoint: We construct Cyypport by randomly
sampling classes from Cteg: so the support inven-
tory has no overlap with Cy4;,. This provides a
stronger test of support-conditioned transfer, since
the policy must assign examples to support classes
that were not used during training.

In both settings, qgrn is trained only on the
three classes in C;qin, While Cgyppors may include
classes from Ciegy \ Cirain that are introduced only
through few-shot support examples. We report the
macro F1 scores of ID classification and OOD re-
jection as |Csypport| increases from 3 — 10. We
present our results in Figure 1 and our key finding:

Key Finding: wGFN extends its learned ID
assignment and OOD rejection capabilities to
classes it hasn’t been explicitly trained on.

Empirically, given as few as 4 demonstrations
per support class, wWGFN performs ID assignment
and OOD rejection even when Cyypport \ Crrain 7
(),. No parameter updates are performed for novel
support classes. Figure 1 shows graceful degrada-
tion as |Csypport| grows and the assignment prob-
lem becomes harder where the key result is func-
tional transfer, not invariance to the number of
support classes (see Appendix A for experimen-
tal methodology and complete results)

Discussion Llama-3.1 8B maintains robust ID
and OOD performance across both settings, Llama-
3.2 3B follows the same qualitative trend with a
moderate performance reduction, and Llama-3.2
1B exhibits the steepest degradation as |Cyypport|
grows. Across all models and settings, wGFN gen-
eralises gradient-free to novel support classes via
few-shot demonstrations alone, with larger mod-
els sustaining this capability over wider support
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(a) Incremental - ID (b) Incremental - OOD

(c) Disjoint - ID

(d) Disjoint - OOD

Figure 1: F1 scores of in-distribution assignment and OOD rejection as we increase the number of support classes

in the incremental and disjoint settings.

inventories. This suggests that the policy exploits
semantic structure in the support examples rather
than memorising a fixed label set, consistent with
reported implicit meta-learning properties of LLMs
(Dai et al., 2023; Von Oswald et al., 2023).

4 Few-shot online clustering with wGFN

Motivation We now use wGFN’s property in Sec-
tion 3 as the assignment component of FSOC. As
shown in Figure 2, the pipeline has two compo-
nents: an amortised wGFN policy for ID assign-
ment and OOD rejection, and an oracle-mediated
cluster-formation module for OOD-routed exam-
ples. This decomposition lets ggrn handle the
high-volume assignment path, while the oracle is
invoked only when an example is rejected as OOD
and may belong to a newly emerging class.

Probabilistic posterior inference Singh and
Yannakoudakis (2025) detect OOD examples by
Z-score normalising class-wise KL divergences
dj, = KL(NE || M1) between the test logit distribu-
tion and a per-class GP, assigning to class c only
when Z7 > z (typically z = 3.5). While suit-
able for open-set classification, this fixed, scale-
sensitive heuristic is brittle in online clustering,
where the support inventory changes over time. We
replace it with a Dirichlet evidence model over can-
didate assignments. Since the class-specific GP
models an OOD signal, a larger divergence dj, pro-
vides stronger evidence that z is incompatible with
the OOD distribution for class &k, and therefore
more likely to be in-distribution for that class.

For K classes, we initialise a symmetric Dirich-
let concentration vector @ with o, = « for all
k, giving a uniform prior over candidate class-
assignment probabilities m = (71,...,7x). We
then convert the class-wise KL divergences into
soft fractional pseudo-counts via temperature nor-

malisation:

exp(dp/7)
ZJK:1 eXP(dj/T)7

where 7 > 0 controls sharpness. In practice, candi-
date classes may be scored in partitions for context-
window tractability, but the soft pseudo-counts are
normalised globally over the current candidate set
before updating cx. These pseudo-counts update
the local Dirichlet concentrations for the current in-
ference decision: v, <— ay, + A (x). The resulting
Dirichlet distribution is

ap(z) = k=1,....,K ()

Unlike a fixed Z-score threshold, this param-
eterisation aggregates KL-based evidence into a
prior-smoothed posterior over the current candi-
date assignments. The posterior mean
ag

==K “)
ZJK:1 Qj

gives the assignment probability for class C,. We
assign x to arg maxy, 7 if and only if maxy 7y, >
¢ for a hyperparameter ¢; otherwise, x is rejected
as OOD and routed to the oracle buffer.

7 = E[m | of =

Usage of oracle Creating high-quality few-shot
support demonstrations for newly emerging classes
is non-trivial in the online setting. We therefore
use a frozen instruction-tuned LLLM as a formation
oracle to estimate pairwise semantic similarity be-
tween incoming test points. When qgrn rejects an
incoming example as OOD, the oracle compares it
with provisional clusters in the buffer and decides
whether it belongs to one of them. Once a provi-
sional cluster accumulates K sufficiently similar
examples to form a support set, it is confirmed and
added to the support inventory. This design avoids

7868



Test stream: x1, X2, ..., Xn

Receive test point x;

WGFN: IID or 0OD?
00D Assign X; to
l predicted cluster

Oracle: compare x; against
each provisional cluster (3-step CoT)

]

plone Oracle match X
found?

Create new Add x¢ to
provisional cluster matching cluster
Provisional cluster N
has K examples?

l Yes

[ WGFN: try merge with existing cluster ]

!

No Merge Yes
accepted?

—_—

].7

WGFN region

D

Oracle region [

Promote as new
independent cluster

Merge into existing
cluster; update support

|

[ WGFN inventory updated ]

Figure 2: FSOC pipeline: wGFN for ID assignment
and OOD rejection; OOD-routed examples passed to
oracle-mediated cluster-formation module which forms
provisional support sets for newly emerging classes.

exhaustive oracle assignment: ggrn handles rou-
tine ID assignment, while the oracle is invoked only
for OOD-routed examples and cluster-formation
decisions. We provide the oracle model, prompt
format, and decoding parameters in Appendix B.

Modes of test distribution To control for noise
in the few-shot support set, we evaluate under two
test distributions:

— Class Incremental: All test points from
cluster c; arrive contiguously before those of ¢; 1,
yielding homogeneous provisional clusters before
confirmation (Lee et al., 2020; Fan et al., 2024).
This setting makes cluster formation easier because
early OOD-routed examples tend to come from
the same class, thus drawing cluster boundaries in
the test distribution, which makes it easier for the
oracle to distinguish clusters.

— Shuffled: The incoming stream is uniformly
randomised across all clusters simultaneously, pro-
ducing potentially noisier provisional support sets
and a harder evaluation setting. These settings
stress-test both parts of the pipeline: the assign-
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Figure 3: wGFN outperforms CoT consistently across
all datasets, invariance conditions, models (3B, 8B) and
stream orderings (CI = Class Incremental, S = Shuffled).
Cells: signed improvement wGFN — CoT (App); green
indicates wGFN is better, red/orange indicate CoT is.

ment module, instantiated by either CoT (see Sec-
tion 5) or wGFN and the oracle-mediated formation
of provisional support sets.

Task datasets We evaluate on three benchmarks
spanning named entity recognition (MultiNERD
(Tedeschi and Navigli, 2022)), fine-grained emo-
tion classification (GoEmotion (Demszky et al.,
2020)), and intent detection (CLINC-150 (Larson
et al., 2019)). Each dataset has 10 gold clusters
with varying semantic overlap (see Appendix, Fig-
ure 9). Further details are in Appendix B.

5 Comparing wGFN and CoT for FSOC

Axes of comparison Online clustering is sen-
sitive to arrival order: early errors can cascade
forward and are difficult to correct in a single-pass
setting (Lee et al., 2020; Tian et al., 2024). The few-
shot support set adds a further source of variabil-
ity, as the choice of support classes and examples
can shift prompt-conditioned assignment perfor-
mance (Vinyals et al., 2016; Snell et al., 2017). To
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study the robustness of wGFN against multi-step
Chain-of-Thought (CoT) reasoning (LLlama-3.2 3B
& Llama-3.1 8B), we evaluate it under 3 controlled
axes with 3 runs per axis: (a) Support sampling:
classes are fixed but few-shot support examples are
re-sampled; (b) Data order: the test dataset is fixed
but arrival order varies; (c) Initialisation: the ini-
tial support classes are varied across three starting
cluster sets. We report the mean and std. across
runs, models and stream settings.

Method and baseline CoT is a natural baseline
because it uses the same few-shot support examples
and the same autoregressive backbone to perform
assignment directly through prompting: it thus tests
whether wGFN training provides benefits beyond
prompted reasoning alone. We give CoT an explicit
OOD hint, making it a strong prompted baseline.
Unlike wGFN which learns OOD rejection as part
of the policy, CoT is instructed that a query may
belong to none of the presented clusters (see Fig-
ure 8). We present our high-level pipeline in Fig-
ure 2. We use Qwen-3-8B (Yang et al., 2025) as
the formation oracle and train g on Llama-3.1
8B and Llama-3.2 3B backbones. The CoT base-
line replaces wGFN decisions in the same pipeline
(ID/OOD assignment and merge decisions) with
Llama-3.1 8B and Llama-3.2 3B instruction-tuned
multi-step LLM reasoning. We report clustering
accuracy after Hungarian label matching, which
measures recovery of the true partition up to arbi-
trary cluster IDs. We also report ARI, AMI, and
NMI: ARI and AMI evaluate partition quality with
chance correction, while NMI measures shared in-
formation between predicted and gold partitions.
Further details are in Appendix C.

Findings Figure 3 summarises the signed im-
provement App = wGFN — CoT across all three
axes; full results are in Appendix C, Table 11. In
the class-incremental setting, wGFN outperforms
CoT by a substantial margin across datasets, model
sizes, and invariance axes, with accuracy gains of
roughly +15 to +30 percentage points and similar
advantages in ARI, AMI, and NMI. In the shuf-
fled setting, the margin narrows but wGFN remains
stronger in most comparisons, with near-parity only
for the 3B model on CLINC-150. This suggests
that shuffled streams stress the cluster-formation
stage rather than only the assignment policy: when
examples from different classes arrive interleaved,
the oracle can form noisy provisional support sets,
and both wGFN and CoT inherit this corrupted sup-

port. This effect is compounded by task complex-
ity: NERD examples are more tightly aligned to
their cluster means, whereas Emotion and CLINC-
150 exhibit greater semantic overlap and higher
within-cluster variance (Figure 9).

6 Improving the oracle with vMF-DPMM

Motivation Section 5 shows that the main failure
mode in shuffled streams is not only assignment,
but support formation. When examples from many
classes arrive interleaved, oracle-mediated cluster
formation can create noisy provisional support sets:
both CoT and wGFN inherit this corrupted support.
Scaling to a larger or multi-agent instruction-tuned
oracle would increase cost without removing this
dependence on early pairwise decisions. We there-
fore add a Bayesian non-parametric warm start be-
fore oracle-mediated formation. Specifically, we
use a Dirichlet Process Mixture Model (DPMM)
over unit-normalised embeddings to provide oracle-
independent cluster structure before OOD-routed
examples are grouped into support sets. This com-
ponent can be used either as a standalone clustering
method or as a warm-start initialisation mechanism
for the full online pipeline.

Using vMF to model clusters Embedding LLMs
(Yang et al., 2025) produce unit-normalised text
representations, placing examples on the unit hy-
persphere S¢~1. The von Mises—Fisher (vVMF)
distribution is a natural density for this geometry:
vMF(x | p, k) o< exp(k p ' x), parameterised by
a mean direction g € S?! and a concentration
% > 0 that controls the spread of mass around p
(higher k corresponds to a tighter cluster).

Modelling mixture proportion The Chinese
Restaurant Process (CRP) given as:

K

« OZK
plonn | @) = ey 1T

acts as a prior over partitions: each arriving ob-
servation joins an existing cluster with probability
proportional to its current size or opens a new one
with probability proportional to . The model thus
infers the number of clusters directly from data.

Sequential variational approximation We
adopt the widely-used (Lee et al., 2020; Jeong
et al., 2023) sequential variational approximation
framework of Lin (2013) to model the online
clustering process and provide an extension of this
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generative model (VMF likelihood) on the unit
sphere S¢1:

VAR A CRP(O()
B ~ VME (s, o) Vh
x; ~ VMF(o,., k) Vi

where >0 is the DP concentration, p, € S¢!
and ko>0 are the prior mean and concentration,
and x>0 is the likelihood concentration. The
variational distribution factorises as ¢(z1.,) =
L pi(z:), where p;(k) is the soft responsibility
of assigning observation 7 to cluster k. Each cluster
posterior vy, represents the cluster parameters for
cluster k£ which are independently updated.

Update rules Using Lin (2013)’s framework and
plugging in the closed-form vMF conjugate struc-
ture (see Appendix D), the collapsed responsibility
update for an arriving observation Xx; is:

Ca(llrl M)

(i-1)
n, P k<K
pilk) Callry ™ + rxil)
@ Ca(ro) k=K+1

Ca(llkopro + #xl|)

where Cy(-) is the vYMF normalising constant. The
component posterior vy is updated implicitly by
accumulating rg:

rp < ri+pi(k) Kx; )

and v, = vMF(¢y, | ri/||rkll, ||lrel]). The re-
sultant r;, is the sole sufficient statistic of v;: its
direction gives the posterior mean direction of clus-
ter k, and its magnitude encodes accumulated ev-
idence (growing as more observations are confi-
dently assigned to the cluster). Updating rj after
each change in p; automatically updates vy, so v
never needs to be constructed explicitly.

Iterative refinement After a single-pass, we re-
fine assignments by iterating over all points. As
each x; has already contributed to ry, direct rescor-
ing would double-count its influence. We instead
subtract x;’s current soft contribution before rescor-
ing (producing leave-one-out sufficient statistics
r i = 1 — pi(k)kx; and n_; ;. = ng — pi(k))
and then restore the contribution with the updated
responsibility. This subtract-and-restore procedure
is structurally identical to the E-step of Expecta-
tion Maximisation: holding all other assignments
fixed, we recompute the posterior over z; given

the leave-one-out statistics until convergence. All
derivations are provided in Appendix D. We refer
to the one-pass VMF-DPMM as DPMM and the
subtract-and-rescore refined model as DPMM*.

7 Results and Discussion

Experimental setup We evaluate on NERD,
CLINC-150, and Emotion using Qwen-3-0.6B
and Qwen-3-4B (Yang et al., 2025) as autoregres-
sive backbones for CoT and wGFN and Qwen-3-
0.6B-Embedding and Qwen-3-4B-Embedding for
DPMM, DPMM#*, and DBSCAN. To ensure that
we use only a single model per task, we use the
same model as an oracle for wGFN and CoT, thus
keeping comparison fair. This means that oracle
performance in the shuffled setting for autoregres-
sive clustering methods is constrained as smaller
language models, particularly Qwen-3-0.6B, are
not adept at multi-step CoT reasoning tasks.! DB-
SCAN serves as a strong encoder baseline against
which DPMM/DPMM#* gains are measured: it
tests whether standard density-based clustering
over LLM embeddings is sufficient. We run our
experiments across 3 seeds and report the mean
and standard deviation. Table 1 evaluates the full
FSOC setting, comparing all methods using the
previously defined metrics.

Results Table 1 shows a complementary pattern.
In class-incremental streams, where provisional
support sets are relatively clean, wGFN is strongest
among autoregressive assignment methods and of-
ten leads on clustering quality metrics. In shuffied
streams, where oracle-mediated support formation
is noisier, DPMM* is consistently stronger, show-
ing that oracle-independent structure is more ro-
bust when class examples are interleaved. This
motivates using DPMM* not as a replacement for
wGFN in all settings, but as a warm start when
support formation is unreliable.

Analysis of wGFN Across datasets, orderings,
and model sizes, wGFN outperforms multi-step
CoT while using a single forward assignment path
and smaller token budget. The gains are especially
important at small model scales, where CoT often
collapses but wGFN remains usable. This supports
the role of wGFN as the assignment component of
FSOC. However, the shuffled setting shows that as-
signment is not the only bottleneck; oracle quality

'Qwen-3-0.6B-Embedding achieves up to 99% of Qwen-
3-4B-Embedding’s performance on the MTEB benchmark.
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| Embedding-based Autoregressive ; Embedding-based Autoregressive
Set. | Task Model Set. | Task Model
DBSCAN | DPMM | DPMM* CoT wGFN DBSCAN | DPMM | DPMM* CoT wGFN
y 3.532.: 56.050.32 | 28.6¢ o X B .05¢.0: Rels
S | NERD 0.6B 4529 | 53.532.38 qubu 32 | 28.631.05 45 21159 % | NERD 0.6B ?7 77 | 36 ?6“‘ 10 4‘1 050,03 | 10.850.70 ‘if_i 031.85
E 4B 54.93 59.19412 | 63.129.38 | 60.762.48 | 64.17556 é 4B 33.98 38.381.23 | 43.811.16 | 45.027.24 | 47.000.06
0.6B 37.33 57.335.03 | 60.560.79 | 29.001.41 | 31.22 0.6B 21.18 36.013.35 | 40.130.54 | 8.530.02 | 20.77
g | CLINC-150 97.335.03 | 60.560.79 1.41 1.91 8 | CLINC-150 3.35 0.54 930.02 1.60
S 4B 34.89 5111189 | 56.782.04 | 46.15283 | 54.331.73 S 4B 21.34 32.280.68 | 40.681.44 | 31.81¢55 | 42.24¢.88
g . 0.6B 33.64 29.660.16 | 37.393.70 | 23.070.16 | 35.910.96 g . 0.6B 9.73 11.001.04 | 1745235 | 3.35161 | 19.120.17
T | Emotion . i . T | Emotion
4B 32.95 35.002.25 | 37.071.90 | 32.123.76 | 43.410.04 4B 11.53 13.020.00 | 15.551.93 | 14.783.62 | 24.021 11
NERD 0.6B 55.61 49.550.95 | 57.170.00 | 18.951.74 | 22.652.85 NERD 0.6B 37.47 35.265.40 | 38.196.30 | 2.150.04 | 8.850.05
4B 37.22 61.603.96 | 65.025.49 | 53.24301 | 53.731.79 4B 18.44 4247069 | 48.322.18 | 37.752.74 | 36.742.16
=] =
2 0.6B 34.44 45.22 50.56 22.00157 | 21.11 2 0.6B 16.76 27.501.84 | 36.543.18 | 4.2915 5.030,
% CLINC-150 1.73 | 90.561.41 1.57 0.88 % CLINC-150 1.84 943.1 1.58 0.64
Z 4B 34.89 44.440.31 | 48.890.00 | 43.221.10 | 24.781.41 Z 4B 22.37 24.07.69 | 33.18255 | 23.450.37 | 13.002.12
. 0.6B 31.15 30.800.17 | 35.130.99 | 19.919.00 | 20.321.73 . 0.6B 10.01 15.01159 | 16.621 04 | 4.07131 | 4.191.41
Emotion Emotion
4B 33.96 | 28.810.99 | 33.49199 | 35.835.07 | 29.471 03 4B 11.95 | 1231494 | 1551057 | 15.17210 | 11.661.39
(a) Accuracy (b) ARI
Set. | Task Model Embedding-based Autoregressive Set. | Task Model Embedding-based Autoregressive
DBSCAN | DPMM | DPMM* CoT wGFN DBSCAN | DPMM | DPMM* CoT wGFN
= | NERD 0.6B 44.39 53.803.05 | 57-T40.12 | 23.280.76 | 59.752.02 = | NERD 0.6B 48.61 56.72280 | 59.540.12 | 28.399.57 (_&;5_&\‘2 36
g 4B 53.83 54.300.44 | 58.919.37 | 59.22303 | 67.581.41 5 4B 56.89 56.360.67 | 60.560.09 | 62.732.90 | 70.62; 85
g P Q¢ £ ] 1 ¢ N
0.6B 35.11 5.050.61 | 58.29185 | 15. 56 | 42.7115 .6B 40.1 87. 3 61.301.87 | 21.260.4 49.74
£ | cLINC-150 6 35 55.050.61 | 5 185 | 15.770.56 Tl159 g | cLve-150 0.6 0.19 57.699.39 | 61.30; Go.az | 49.741 47
=i 4B 38.27 51.771.06 | 58.771.06 | 48.450.15 | 58.980.41 = 4B 4417 54.88068 | 61.421 19 | 52.741 08 | 62.151 3
;% . 0.6B 22.10 23.900.83 | 26.371.87 | 11.951.75 | 41.061 87 2 . 0.6B 24.36 31.392.12 | 30.65156 | 16.841.72 | 45.84235
T | Emotion . X X T | Emotion . . . . . . .
4B 25.15 | 25.070.82 | 26.455.09 | 24.165.64 | 42.48.41 4B 27.70 | 29.24¢.16 | 30.165.79 | 31.765.00 | 46.800 36
NERD 0.6B 54.33 56.392.86 | 58.732.41 | 3.930.88 | 12.930.88 NERD 0.6B 58.30 60.812.89 | 61.702.41 | 10.349.20 | 18.590.44
4B 42.64 60.950.61 | 62.485; | 54.800.68 | 57.083.27 4B 46.78 63.330.68 | 65.391.57 | 58.821.77 | 59.229.38
= =
o 0.6B 35.38 47.271.12 | 55.95 T7.032.76 | 7.74; 2 0.6B 40.78 50.71 ¢ | 1315182 | 15.26.1
E:; CLINC-150 3 112 | O 2.76 1.22 E= CLINC-150 50.71o.72 01.82 2.19
= 4B 43.87 49.633,03 | 5 37.621.96 | 19.321.41 Z 4B 50.23 52.302.86 | 57.960.95 | 41.182.02 | 25.921.83
. 0.6B 29.25 19.941 15 | 24.320.97 | 5.520.99 | 8.751.36 . 0.6B 31.13 25.841.34 | 28.800.87 | 10.149.84 | 11.770.94
Emotion Emotion
4B 24.55 18.420.14 | 23.040.18 | 22.622.89 | 23.781.82 4B 26.75 23.220.15 | 26.760.15 | 28.062.48 | 28.441 97
(c) AMI (d) NMI

Table 1: Clustering performance (Accuracy, ARI, AMI, NMI) across tasks and stream orderings. All models belong
to the Qwen-3 family. Subscripts denote standard deviation. green indicates the best result per row. Columns shaded
light blue (DPMM, DPMM*, wGFN) denote our proposed methods; DBSCAN and CoT are baselines.

is also a limiting factor: noisy provisional support
sets suppress all autoregressive methods, motivat-
ing the vVMF-DPMM warm start.

DPMM in shuffled setting DPMM'’s advantage
in the shuffled setting stems from order-robust ev-
idence accumulation: as each x; arrives, its soft
responsibility p; (k) updates the sufficient statistic
ri; (Equation 5), refining cluster structure indepen-
dently of provisional support quality. Autoregres-
sive methods, by contrast, depend on early oracle-
mediated support formation; when shuffled streams
create noisy provisional support sets, both CoT and
wGEFN inherit this noise. DPMM is therefore useful
not only as a standalone method, but also as a low-
cost warm-start that provides oracle-independent
cluster structure before autoregressive assignment.

Warm-starting wGFN We next test whether im-
proving cluster structure is more effective than scal-
ing the formation oracle. We run wGFN with a 4B
oracle after a DPMM warm start (~5s processing
time) on the shuffled evaluation stream (WGFN*)
and compare against larger-oracle variants (Qwen-
3-8B and Qwen-3-30B-A3B) using the same 4B
wGFN backbone (Table 4). DPMM warm-starting

substantially improves wGFN, with performance
gains reaching ~2x at times. wGFN* can match
or even exceed a 10X larger oracle, suggesting that
improving cluster structure can be more effective
than simply scaling the oracle.

wGFN vs pairwise oracle-only clustering De-
spite its high cost, we broadly expect oracle-only
clustering to produce denser individual clusters
than CoT: whereas CoT processes all candidate
classes within a single in-context query, pairwise
comparison resolves each cluster decision in isola-
tion and therefore tends to produce a larger num-
ber of finer-grained clusters. This is reflected in
Table 2: accuracy and ARI, which penalise over-
segmentation, tend to be lower for oracle-only clus-
tering than for CoT, while AMI and NMI, which
reward intra-cluster homogeneity, tend to be higher
(the pattern is clearest on NERD and Emotion).
Across all datasets, wGFN consistently outper-
forms both baselines on every metric, demonstrat-
ing that a trained policy paired with DPMM-based
merging can achieve both accurate cluster granu-
larity and high intra-cluster quality while avoiding
the O(N K) oracle overhead.
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Method | Accuracy ARI AMI NMI
A~ | CoT 60.762.45 | 45.027.04 | 59.22303 | 62.732.90
% | Oracle | 5177100 | 4291230 | 64.13018 | 65.921.17
Z | WGFN | 64.17256 | 47.000.06 | 67.581.41 | 70.621 s
2 | coT 46.150583 | 31.81055 | 48.450.15 | 52.741 08
O | Oracle | 31.88455 | 1557504 | 27-235.08 | 38.544.41
2 | WGEN | 5433173 | 42.24055 | 58.980.41 | 62.15151
g | CoT 32.12576 | 14.783.62 | 24.162.64 | 31.762.00
Z | Oracle | 33.220.16 | 19.970.36 | 33.661.00 | 39.72053
5 | wGFN 4341001 | 24.021.11 | 42.480.41 | 46.800.36

Model Accuracy ARI NMI
WGFN | wGFN* | wGFN | wGFN* | wGFN | wGFN*
0.6B 22.659.85 | 4249079 | 8.850.05 | 26.12037 | 18.590.44 | 46.550 .26
2148 53.73179 | 59.67154 | 36.742.16 | 45.371.71 | 59.22238 | 67.030.12
2 | 8B (Oracle) 52.830.95 45.254 14 59.313.12
30B (Oracle) 47.530.32 54.391 70 59.370.56
2 0.6B 2111088 | 20.891.41 | 5.030.64 8.730.46 15.269.19 | 30.662.02
o 4B 24.781 41 | 37.333.14 | 13.002.12 | 20.250 17 | 27.92283 | 41.250 .45
% 8B (Oracle) 24.88 68 10.99; 17 25.071.30
O | 30B (Oracle) 24.33 10 11.47) 25 30.925.60
0.6B 20.32173 | 20.61166 | 419141 | 479104 | 1177094 | 1681156
5 4B 2947103 | 28.77115 | 1166139 | 11.79001 | 28.441.27 | 31.35, 43
L% 8B (Oracle) 23.421 g6 10.691 57 2553191
30B (Oracle) 22.371.97 10.931.31 31.03154

Table 2: Comparison of CoT, oracle-only, and wGFN
across three tasks; subscripts denote standard deviation.
Best result per task and metric highlighted in green. We

use Qwen-3-4B as our backbone for all methods.

Model Accuracy ARI NMI
wGFN | wGFN* | wGFN | wGFN* | wGFN | wGFN*
0.6B 2265085 | 4249079 | 8.850.05 | 26.12037 | 18.590.44 | 46.550 26
2148 53.731.79 | 59.67151 | 36.7d2.16 | 45.37171 | 59.222.38 | 67.030.12
2 | 8B (DPMM) 61.324.05 48.700.27 66.361 9
8B (CoT) 69.513.39 54.223 57 72.060.19
o | 0.6B 2111085 | 20.891.41 | 5.03064 | 8.73046 | 15.26219 | 30.662.02
6 4B 24.781.41 | 37.333.14 | 13.009.12 | 20.250.17 | 27.92283 | 41.250.48
Z | 8B (DPMM) 45.89 16 32.311.76 57.280.57
3) 8B (CoT) 42.22, 7 25.923.99 45.121 23
0.6B 20.321.73 | 20.61166 | 419141 | 4.79104 | 1177094 | 16.811 56
§ 4B 2047103 | 28.77115 | 11.661.39 | 11.79.91 | 3111507 | 31.35) 33
é 8B (DPMM) 33.960.03 159105 2790007
8B (CoT) 41.333.13 22.495 95 36.571.08

Table 3: Effect of DPMM warm-start on wGFN in the
shuffled setting. wGFN* denotes wGFN initialised with
DPMM cluster assignments. Qwen-3 8B DPMM and
CoT results are standalone baselines.

Warm start of wGFN To address the oracle
noise bottleneck in the shuffled setting, we initialise
wGFN with the cluster assignments produced by a
single pass of DPMM (denoted wGFN* in Table 3).
We compare against Qwen-3-8B with both DPMM
and CoT (deep thinking enabled) as upper-bound
baselines. The warm start produces sizeable gains,
for example, average NMI pre and post DPMM
processing goes from 77% to 90% of the perfor-
mance of CoT with Qwen-3-8B. Gains are modest
for Emotion, reflecting the greater semantic ambi-
guity of that dataset. These results confirm that a
single DPMM pass is a cost-effective warm start
that substantially recovers the performance degra-
dation caused by noisy few-shot demonstrations in
the shuffied setting.

Runtime analysis We additionally report
runtime/token-cost analysis for all methods in
Appendix E.

Table 4: Effect of DPMM warm-start on wGFN in the
shuffled setting. wGFN* denotes wGFN initialised with
DPMM cluster assignments.

8 Conclusion

We introduced a two-component test-time gradient-
free framework for FSOC with LLMs. A transfer-
able wGFN policy provides amortised ID assign-
ment and OOD rejection for novel support classes
without parameter updates, while a vVMF-DPMM
warm start provides oracle-independent structure
for OOD cluster formation under shuffled streams.
Together, these components enable dynamically
growing cluster inventories without data augmenta-
tion or predefined cluster counts.

9 Limitations

wGFN relies on autoregressive LLM scoring, so
although it avoids test-time parameter updates and
reduces exhaustive oracle calls, it remains more
expensive than purely embedding-based clustering.
Scaling to hundreds of clusters may therefore re-
quire batching, approximate candidate retrieval, a
hybrid pipeline in which embedding-based clus-
tering first narrows the candidate set, or parallel
wGFN-agentic systems (which can be a future area
of research). The oracle remains a potential failure
point: although it is invoked only for OOD-routed
examples and cluster-formation decisions, noisy
provisional support sets can still propagate errors,
especially under shuffled streams with semantically
overlapping classes. Our experiments use fixed
benchmark tasks and finite cluster inventories; fu-
ture work can evaluate open-world streams with
unknown class frequencies and concept drift.
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A Experimental details for Section 3

Sampling latent sequences Singh and Yan-
nakoudakis (2025) train a policy ggrn by con-
structing episodic training sets of NV - K episodes,
each comprising few-shot demonstrations for N
classes with K examples per class and a single
query example which should be classified into the
correct class. For each episode, latent sequences
Z ~ pum(Z | X) are sampled from a frozen base
LLM in two forms: support latents, which describe
the class using few-shot demonstrations, and query
latents, which describe only the query example it-
self (see examples in Figure 4 inspired by Singh
and Yannakoudakis (2025)).

The test entity broadly represents names of people.
The test entity broadly represents famous people.
The test entity broadly represents a famous neo-
Gothic era English architect.

The test entity broadly represents a celebrated British
architect.

Figure 4: Support and query latents sampled from the
base LLM for the entity “James Wyatt".

Reward landscape shaping The GFN policy
qGrN is trained via the subtrajectory balance loss
where the reward R(z1.4) = [ [ pim(X Z14Y) in-
corporates a Wasserstein-interpolated negative off-
set

Ar~=N((1—-a)Ag+A-a, )

with a = t/T on correct-label trajectories. This
is done to ensure stability in the policy training by
gradually widening the reward margin rather than
applying a constant penalty. The key idea is to train
the policy model qgrn such that a distribution of
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latent sequences which corresponds to a particular
label is sampled with a high reward while out-of-
distribution latent sequences for a given set of la-
bels are sampled with low rewards, thus yielding a
clear dual objective of simultaneous in-distribution
classification and out-of-distribution rejection for
each test example.

Inference For OOD detection at inference time,
a per-class Gaussian Process (GP) is fitted to the
logit-normalised differences

(5<XZY) = logpLL]\/[(XZY)—lOg qGFN(XZY>

0(XZY') is computed from negative (OOD) train-
ing examples for each class c (thus, the latent se-
quence Z does not correspond to the distribution of
the latent distribution trained for the label Y which
helps us define an OOD signal using logit distri-
butions). The GP uses a linear mean function and
a Matérn kernel (with v = 5/2). Given a test in-
put, the KL divergence between the test sequence’s
logit distribution N7 and the class-specific GP A
is computed in closed form for each class c give as:

X1

n-+
P

T
1
KLV A = 3 [log

t=1
tr(S7 ' S0) + (uh — ph) TOT(ph — )

where pf) represents at the token ¢ the mean of
fo and p} represents the same token-level mean
function for the test sequence while >y and >3y
denote their respective covariance matrices (Singh
and Yannakoudakis, 2025). Note that a high KL
divergence between these two distributions can be
interpreted as an in-distribution classification as the
GP N represents the tokenwise distribution for an
out-of-distribution signal, thus setting a baseline
for an unrecognised latent sequence. See Figure 5
for a diagrammatic overview.

Constructing the few-shot training set For
MultiNERD (Tedeschi and Navigli, 2022), 10
classes are sampled (Person, Location, Animal,
Cosmos, Disease, Food, Mythology, Plant, Vehi-
cle, Time) and anonymised with single capital let-
ters. Training sets are constructed by sampling
N € {3...10} support classes and K = 4 exam-
ples per class from the training split according to
either the Incremental or Disjoint setting.

Constructing the test set Three test sets are cre-
ated by randomly sampling 50 examples per class

(@ KL (NG| V1) = 17.44 (b) KL (NG | V1) = 72.13

Figure 5: Note that an out-of-distribution logit dis-
tribution has low KL divergence with the GP defin-
ing the OOD signal for Class A (left), however an in-
distribution latent has a high KL divergence (on the
right) with the same class. Figure taken from Singh and
Yannakoudakis (2025).

from each of the 15 classes in the test split. The
remaining classes excluding the ones used in con-
struction of the training set (Organisation, Biolog-
ical, Events, Instruments, Media) in MultiNERD
are sampled in addition to the previous 10 classes
which are to be used for few-shot demonstrations.
Given a few-shot support set consisting of demon-
strations of seen classes, seen classes are evaluated
under their anonymised label; while unseen classes
(all classes which are not part of the set of seen
classes) are labelled as None of these. Therefore, as
an example, if we sample 3 classes as seen classes,
we have to reject test examples from the remaining
12 classes as out-of-distribution for each test set.
We repeat this experiment gradually increasing the
number of seen classes.

Sample prompts We provide sample prompts
for the Incremental and Disjoint settings in Figure
6 and Figure 7 respectively. Note that in the for-
mer, we gradually add classes which have not been
explicitly trained on by wGFN while the latter can
comprise a completely disjoint sets of support and
training classes. Labels are randomly shuffled af-
ter each experiment to ensure strict generalisability
and there is no semantic label <> latent sequence

mapping.

Hyperparameters and training details We
present our hyperparameters for training the mod-
els with LORA adapters (Hu et al., 2021) with the
Lsuts(Z;0) objective defined in Equation 1 in
Table 5. We train all models on a single 40GB
A100 and evaluate on a single H200 NVIDIA GPU.
Training ggpn takes 15 — 30 minutes per task.

Results Results for the Incremental and Disjoint
settings across all model sizes are reported in Ta-
bles 7, 8 and 9. For each row, | Ni| denotes the
cumulative number of evaluation classes; the first
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In the sentence 'A large group of stars bound by gravitation is generally called a " star cluster " or " galaxy ", although,
broadly speaking, they are also star systems.” the entity [’galaxy’] represents Class F.

In the sentence ’Possible causes are an accumulation of material from a binary companion through accretion, or a
stellar merger.’ the entity [’binary companion’] represents Class F.

In the sentence ’Fragmentation of the molecular cloud during the formation of protostars is an acceptable explanation
for the formation of a binary or multiple star system.” the entity [ 'molecular cloud’] represents Class F.

In the sentence 'The candy is made from sugar, glucose syrup, gelatin, citric acid, flavoring, curcumin ( coloring ),
carmine, and mixed carotenes.’ the entity [’carmine’] represents Class I.

In the sentence Cendol " is a popular iced drink from this region containing chilled coconut milk and green jellies
made of rice flour.’ the entity [’Cendol’] represents Class 1.

In the sentence ’"Founded in 1965, the company sells soy milk, horchata, egg-free mayonnaise, chocolate and carob
bars.’ the entities [’soy milk’, horchata’ | represent Class I.

In the sentence ’Ares responded to this challenge by transforming himself into a bull and easily winning the contest.’ the
entity ['Ares’] represents Class L.

In the sentence *The opera featured Philip Langridge as Oedipus and Jessye Norman as Jocasta.’ the entities [’ Oedipus’,
"Jocasta’ ] represent Class L.

In the sentence ’In 1848 he independently co-discovered Hyperion.’ the entity ['Hyperion’] represents Class L.

Which class does the test entity ['Anteros’] in the sentence 'The fountain is crowned by Alfred Gilbert ’s aluminium
statue of Anteros as a nude, butterfly-winged archer.” represent?

(a) Initial experiment where the model is trained on Class F, I, L and subsequently queried for either an in-distribution
classification (either one of Class F, I, L) or out-of-distribution rejection (none of the above classes)

In the sentence 'A large group of stars bound by gravitation is generally called a " star cluster " or " galaxy ", although,
broadly speaking, they are also star systems.’ the entity [’galaxy’] represents Class F.

In the sentence ’Possible causes are an accumulation of material from a binary companion through accretion, or a
stellar merger.” the entity [’binary companion’] represents Class F.

In the sentence ’Fragmentation of the molecular cloud during the formation of protostars is an acceptable explanation
for the formation of a binary or multiple star system.” the entity [ 'molecular cloud’] represents Class F.

In the sentence 'The candy is made from sugar, glucose syrup, gelatin, citric acid, flavoring, curcumin ( coloring ),
carmine, and mixed carotenes.’ the entity [’carmine’] represents Class I.

In the sentence ’Cendol " is a popular iced drink from this region containing chilled coconut milk and green jellies
made of rice flour.’ the entity [’Cendol’] represents Class 1.

In the sentence ’Founded in 1965, the company sells soy milk, horchata, egg-free mayonnaise, chocolate and carob
bars.’ the entities [’soy milk’, horchata’] represent Class I.

In the sentence ’Ares responded to this challenge by transforming himself into a bull and easily winning the contest.” the
entity ['Ares’] represents Class L.

In the sentence 'The opera featured Philip Langridge as Oedipus and Jessye Norman as Jocasta.’ the entities [’ Oedipus’,
"Jocasta’ | represent Class L.

In the sentence 'In 1848 he independently co-discovered Hyperion.’ the entity ['Hyperion’] represents Class L.

In the sentence 'Thus, most mammals do not have complex color vision - they are dichromatic but they are sensitive to
ultraviolet light, though they cannot see its colors.’ the entity [ ’dichromatic’] represents Class G.

In the sentence ’Damage to these cortical regions can lead to deficits in consciousness such as hemispatial neglect.’ the
entity ['hemispatial neglect’] represents Class G.

In the sentence 'Female GPER knockout mice display hyperglycemia and impaired glucose tolerance, reduced body
growth, and increased blood pressure.’ the entity [ hyperglycemia’] represents Class G.

Which class does the test entity ['Anteros’] in the sentence 'The fountain is crowned by Alfred Gilbert ’s aluminium
statue of Anteros as a nude, butterfly-winged archer.” represent?

(b) In the next experiment, we randomly sample few-shot support demonstrations for a new class (given in red) which wGFN has
not been trained on and repeat the experiment, with the new objective being in-distribution classification (either one of Class F, I,
L, G) or out-of-distribution rejection (none of the above four classes) for each test example.

Figure 6: Experimental setup in the Incremental setting. Examples depicted in green represent the classes the model
is trained on (N.4;,,) While examples depicted in red represent few-shot demonstrations from novel classes which
were not seen at training time
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In the sentence '353 and Delwyn Young ’s.” the entity ['Delwyn Young’] represents Class A.

In the sentence "The game features a commentary team consisting of Bob Fitzgerald and Tom Tolbert ; Kevin Frazier
hosts pre-game shows.’ the entities ['Bob Fitzgerald’, "Tom Tolbert’, Kevin Frazier’] represent Class A.

In the sentence 'In December 2015, it was confirmed that Joseph Trapanese would return to compose the score for the
film.” the entity ['Joseph Trapanese’] represents Class A.

In the sentence *One popular type is " Vollkornbrot " ( wholegrain bread ), which has a sourish full savoury taste, due to
the use of sourdough as a leavening agent, and which often contains rye, albeit bread made from wheat flour is usually
the most common variety.’ the entities [ 'rye’, 'wheat’| represent Class M.

In the sentence It typically consists of fava beans, chopped tomatoes, onion, parsley, lemon juice, olive oil, pepper and
salt.” the entities [ tomatoes’, "onion’, ’parsley’, "lemon’] represent Class M.

In the sentence It is used for tropical plants, such as fruiting banana plants, coffee, rubber and giant bamboo, and is
kept at a tropical temperature and moisture level.’ the entities [ 'banana’, ’bamboo’] represent Class M.

In the sentence 'The delayed launch decision was a result of delays of the Airbus A380 and discussions on how to fund
development.’ the entity [’Airbus A380’] represents Class O.

In the sentence 'True GPs were discontinued after the completion of the last GP60 in 1994." the entity ['GP60’]
represents Class O.

In the sentence "The first jet airliner, the de Havilland Comet, was introduced in 1952.’ the entity [ 'de Havilland Comet’]
represents Class O.

Which class does the test entity ['ornamental plant’] in the sentence It is widely cultivated throughout the tropics as an

ornamental plant.” represent?

Figure 7: Experimental setup in the Disjoint setting. Note that sentences depicted in red represent few-shot
demonstrations from novel classes which were not seen at training time. It is possible that in a particular experiment,
we evaluate the model on a set of classes which are completely disjoint from the set of classes used for training.

row lists the base class set and subsequent rows
indicate the class added at that step. We evaluate
the macro F1 score on seen and unseen label spaces
to account for any imbalance in the test set. Classes
shown in green represent the classes the model was
trained on while classes shown in red depict classes
introduced only at test-time.

Comparison with existing work Singh and Yan-
nakoudakis (2025) train separate policy models
qc rn for each support set sampled from their train-
ing distribution. To compare the performance of
their explicitly trained policy models using classes
contained N4y, to the performance of our single
model trained on the classes contained Ngypport,
we conduct a small ablation study as described in
Table 6. Note that Ngypport 7 Nirain, therefore
this directly shows the generalisable behaviour of
qgcrn and how it needs no policy updates for a new
test-time support class distribution. We evaluate in-
distribution classification and out-of-distribution re-
jection on the classes contained in Nyest = Nypgin.
We can thus see that a policy model more or less
maintains test-time performance on a completely
different split from which it was trained on.
is

B Algorithmic details of FSOC

Complete online clustering algorithm Stream
processing proceeds in two phases: online assign-
ment and end-of-stream convergence. For each

arriving test point x4, INFER(x¢, S, §) (Algorithm
1) evaluates whether x; belongs to any confirmed
cluster ¢ € C by maintaining a Dirichlet posterior
over class assignments. Concretely, Nz query la-
tents Z() ~ prm(- | x¢) are sampled from the
frozen base LLM, and for each confirmed clus-
ter c¢ the per-token logit-normalised differences
8¢ = logpLm(XZY,) — loggern(X ZY,)
are compared against the class-specific Gaus-
sian Process GP. via the KL divergence ki =
KL(GP.||IN(65)) (see Appendix A for the closed
form). After all candidate classes have been scored,
the mean KL scores are temperature-normalised
globally into soft fractional pseudo-counts, which
are accumulated into per-class Dirichlet concen-
tration parameters «. The posterior mean 7, =
e/ Y jec @ summarises the evidence across all
classes; if max. 7. > &, the point is assigned
in-distribution to arg max. .. Otherwise, x; is
routed to the oracle buffer 3, which accumulates
provisional clusters until the promotion threshold
K is reached, at which point a merge check is trig-
gered with a cosine-decayed threshold §;. At end-
of-stream, a convergence pass resolves all remain-
ing provisional clusters by running INFER with the
relaxed threshold d¢ony < 6.

Merging within the oracle buffer The oracle
buffer B maintains a set of provisional clusters
{bj}, each collecting sentences from OOD test
points that share a common semantic category.
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Hyperparameter Search Space Value
Sampling temperature {0.6,0.7,0.8,0.9} 0.6

Modules trained — [g_proj,v_proj,o_proj]
LORA rank {32, 64,256} 256

LORA o {4,8,16} 16

Learning rate {1le-6 : le-4} 5e —5
Learning rate scheduler {cosine, uniform} cosine
Dropout {0.0: 0.5} 0.0

Epochs {1,3,5,10} 10

Batch size for latents {16, 24, 32} 64

Length of latent Z [10,15] 12

Support latents {48,64} 64

Query latents {8,16} 8

Test latents {9} 9

k(z,z") RBF, Matérn{3/2,5/2} Matérn {5/2}
A {50, 80, 90} 90

Table 5: Hyperparameters for training wGFN with Llama-3.2 3B and Llama-3.1 8B

Ntrain gcrn trained on | Seen | Unseen | NVeest| | Classes Seen | Unseen
Person, Plant, Nirain 0.500.00 | 0.580.07 3 Cosmos, Food, Mythology | 0.460.04 | 0.700.11
Vehicle Nsupport 0.500.05 | 0.600.06 4 + Animal 0.660.06 | 0.710.08
Person, Plant, Time, | N¢rain 0.510.05 | 0.550.08 5 + Location 0.640.05 | 0.730.06
Mythology Noupport 0.540.0310.590.04 6 + Disease 0.670.02 | 0.710.04
Animal, Person, Nirain 0.520.04 | 0.470.05 7 + Vehicle 0.660.02 | 0.670.06
Time, Plant, Disease | Nsupport 0.519.03]0.510.04 8 + Person 0.660.05 | 0.630.01
9 + Plant 0.610.04 | 0.630.05
Table 6: Macro-F1 comparison with Singh and Yan- 10 | + Time 0.570.02 | 0.610.03
nakoudakis (2025) across different class splits; sub-
scripts denote standard deviation. Best result per (a) Incremental
split and metric highlighted in green. Note that | Viest| | Classes Seen | Unseen
Noupport ={Cosmos, Disease, Mythology}. 3 Person, Plant, Vehicle 0.690.11 | 0.760.10
4 + Location 0.770.06 | 0.750.05
5 + Animal 0.660.01 | 0.740.01
When an OOD test point x; arrives, the oracle 6 | +Mythology 0.660.01 | 0.710.01
LLM is queried independently for each existing 7 | +Food 0.670.01 | 0.600.12
cluster b; € B using a structured three-step chain- 8 | +Cosmos 0.69.03 | 0.650.04
of-thought prompt: (a) Get the high-level semantic o |+ D.ise"‘se 0-600.06 | 0.600.10
category of z; (b) Get the high-level semantic cat- 10 | +Time 0-550.06 | 0-550.10

egory of the existing cluster sentences {Z;}sep,
(c) Return Yes only if both categories are strictly
the same. The verdict is extracted from the final
sentence of the oracle’s chain-of-thought response.
Three outcomes are possible: (i) if exactly one
cluster b; returns Yes, x; is appended to b;; (ii) if
multiple clusters return Yes (indicating co-referent
provisional clusters that have been maintained sep-
arately), all matching clusters are merged into one
and z; is appended to the result; (iii) if no cluster
matches, a fresh provisional cluster is initialised
with z; as its sole member. A cluster is promoted
when [bj| = K: a merge check against the con-
firmed cluster set C is triggered using either wGFN
(see below) or the CoT baseline.

(b) Disjoint

Table 7: Macro-F1 results for Llama 3.1 8B; subscripts
denote standard deviation.

Merging using WwGFN When a promoted cluster
b* with sentences {x}se7 is evaluated for a merge,
the cluster sentences serve as a mini-batch of test
inputs to INFER with J = Jyerge (see Algorithm 1).
For each =4, Nz query latents Z @) ~ prm(- | zs)
are sampled from the frozen base LLM (i.e. with-
out the GFN LoRA adapter), exactly as in standard
query inference. The token-level logit differences
0§ and KL scores k§ = KL(GP.||N(d5)) are com-
puted against each confirmed cluster ¢ € C, and the
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| Niest| | Classes Seen | Unseen | Neest| | Classes Seen | Unseen
3 Cosmos, Food, Mythology | 0.480.07 | 0.730.06 3 Cosmos, Food, Mythology | 0.57¢.06 | 0.630.03
4 + Animal 0.520.03 | 0.680.04 4 + Animal 0.550.03 | 0.540.05
5 + Location 0.580.02 | 0.640.01 5 + Location 0.560.07 | 0.550.09
6 + Disease 0.560.01 | 0.590.03 6 + Disease 0.570.04 | 0.450.09
7 + Vehicle 0.550.07 | 0.550.04 7 + Vehicle 0.530.05 | 0.370.04
8 + Person 0.590.03 | 0.570.03 8 + Person 0.500.05 | 0.270.09
9 + Plant 0.500.04 | 0.540.04 9 + Plant 0.400.03 | 0.250.10
10 + Time 0.490.03 | 0.530.02 10 + Time 0.390.00 | 0.230.02
(a) Incremental (a) Incremental

| NVeest| | Classes Seen | Unseen | Neest| | Classes Seen | Unseen
3 Person, Plant, Vehicle 0.500.05 | 0.600.06 3 Person, Plant, Vehicle 0.500.04 | 0.570.10

4 + Location 0.540.05 | 0.600.01 4 + Location 0.560.06 | 0.560.01

5 + Animal 0.570.03 | 0.550.04 5 + Animal 0.480.03 | 0.450.08

6 + Mythology 0.540.03 | 0.530.03 6 + Mythology 0.520.05 | 0.450.08

7 + Food 0.550.10 | 0.490.11 7 + Food 0.520.03 | 0.420.03

8 + Cosmos 0.570.02 | 0.480.04 8 + Cosmos 0.460.09 | 0.390.08

9 + Disease 0.560.04 | 0.480.05 9 + Disease 0.480.03 | 0.350.11
10 | + Time 0.570.03 | 0.470.10 10 | + Time 0.420.05 | 0.300.10

(b) Disjoint

Table 8: Macro-F1 results for Llama 3.2 3B; subscripts
denote standard deviation.

soft fractional pseudo-counts are accumulated into
a shared Dirichlet concentration vector o over C. If
the resulting posterior mean ficx = e/ Y _icc @
meets or exceeds the cosine-decayed threshold d;
for any confirmed cluster ¢*, the provisional cluster
is merged into ¢* and all indices Z are retroactively
assigned to c¢*. If no class meets or exceeds d;, the
provisional cluster is confirmed as a new cluster: it
is added to the support S and all indices in Z are
assigned to the new label cyey,.

Merge scheduling with wGFN The acceptance
threshold d; used during the merge check follows a
cosine decay schedule:

0t = Omin + (50 - 5min) : %(1 + COS(%)>

decaying from &g to dmin over T merge events.
A high initial threshold dy enforces strict selectiv-
ity early in the stream when the confirmed cluster
set C is small and a false merge would corrupt
many future assignments; the threshold relaxes to-
ward d.,;, as more clusters are confirmed and the
stream provides richer distributional context. In
the reported experiments, first-time ID/OOD in-
ference uses Jip = 1, while merge decisions use
Jmerge = 3 and therefore apply the top-£ refine-
ment step. To focus computation during the merge,
for iterations 5 > 1 in INFER only the top-k classes

(b) Disjoint

Table 9: Macro-F1 results for Llama 3.2 1B; subscripts
denote standard deviation.

under the current posterior mean 7 are retained
as merge candidates, with their concentrations re-
set uniformly to 1/k; all remaining classes are ex-
cluded from subsequent partitions.

Merging using CoT When a promoted cluster
b* with sentences {x} sc7 is evaluated for a merge
under the CoT baseline, a pairwise semantic sim-
ilarity check is performed against each confirmed
cluster ¢ € C. The cluster sentences are formatted
as few-shot demonstrations under a randomly sam-
pled dummy label ¢ € A\C (an uppercase letter not
currently assigned to any confirmed cluster), pro-
ducing strings of the form “z represents [LABEL]
£” and the model is queried if the two clusters rep-
resent the same, high-level semantic category. The
Yes/No verdict is extracted from the final sentence
of the chain-of-thought response. A greedy first-
Yes strategy is applied: the first confirmed cluster
c for which the model returns Yes absorbs the pro-
visional cluster retroactively, assigning all indices
7 to c. If no confirmed cluster returns Yes, the pro-
visional cluster is promoted as a new confirmed
cluster with dummy label ¢, and its sentences are
added to the support S. The oracle buffer logic and
the end-of-stream convergence pass are otherwise
identical between the wGFN and CoT variants.
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You are an assistant who will reply to the question clearly and succinctly. Finish each sentence with a full stop.

In the sentence ‘He was the backup of Klaus-Dietrich Flade for the Soyuz TM-14 mission.’ the entity ['Soyuz TM-14’]
represents Class O.

In the sentence ‘The Avensis Verso was a large MPV introduced in 2001, with room for seven occupants and only
initially available with 2.0 - litre engines.’ the entity [ Avensis Verso’] represents Class O.

In the sentence ‘It is a four-door coupé featuring a new COMAND interface utilizing a touchpad, design cues inspired
by the Mercedes SLS AMG, and sliding rear doors.’ the entity ['Mercedes SLS AMG’] represents Class O.

In the sentence ‘"Pouteria virescens" is a species of plant in the family Sapotaceae.” the entities [ ’plant’, ’Sapotaceae’]
represent Class M.

In the sentence ‘The amount can be less than one percent in animals consuming less digestible plants, and it can be as
high as forty percent in zooplankton consuming phytoplankton.’ the entity [’phytoplankton’] represents Class M.

In the sentence ‘When possible, three washings are performed: first with water infused with plum leaves, then with
water infused with camphor, and lastly with purified water.’ the entity ['plum’] represents Class M.

In the sentence ‘Minister Margaret Thatcher complained when, by adroit image editing, the programme implied she had
crashed a car.’ the entity [’"Margaret Thatcher’] represents Class A.

In the sentence ‘He generally skated with captain Jonathan Toews on the team’s first line.’ the entity [’ Jonathan Toews’]
represents Class A.

In the sentence ‘He is buried in Vilnius Cathedral together with his brother Karigaila, who died in the civil war in 1390.
the entity [’Karigaila’] represents Class A.

Which class does the entity ["William F. Romain’] in the sentence ‘William F. Romain has suggested an array of lunar
alignments based on the curves in the effigy’s body.” represent? Think step by step and reply with the correct Class.
Reply with ‘None of these’ if the answer does not fall in any Class.

To determine the Class of the entity ‘William F. Romain’, we analyze the context of the sentence. The phrase ‘has

suggested’ implies an action typically performed by a human expert or professional. Class A corresponds to human

beings or professionals. Therefore, the entity [’ William F. Romain’ | represents Class A.

Figure 8: Few-shot clustering via Llama-3.2 3B using multi-step chain-of-thought (CoT) reasoning on MultiNERD
(Tedeschi and Navigli, 2022). The model response is highlighted in green.

Hyperparameters Table 10 lists the hyperparam-
eters specific to inference and online clustering.
Training hyperparameters (LoRA rank, learning
rate, etc.) are reported separately in Appendix A.

Libraries We use the Hugging Face Transform-
ers library (Wolf et al., 2020) for model loading and
tokenisation and PEFT (Mangrulkar et al., 2022)
for applying LoRA adapters to the wGFN back-
bone. The CoT model and oracle are served using
vLLM (Kwon et al., 2023), which enables efficient
batched generation with PagedAttention and sub-
stantially reduces per-query latency during the on-
line evaluation loop.

C Results of wGFN and CoT with Llama

Metrics evaluated To measure clustering quality
we report four complementary metrics. Accuracy
applies the Hungarian algorithm to find the
optimal label assignment between predicted
and true classes before computing accuracy.
Adjusted Rand Index (ARI) measures the fraction
of concordantly grouped or separated example
pairs, corrected for chance with range [—1,1].
Adjusted Mutual Information (AMI) measures mu-

tual information between two partitions adjusted
for chance, making it insensitive to the number of
clusters. Normalized Mutual Information (NMI)
similarly measures shared information but nor-
malises by cluster entropy, yielding a score in [0, 1]
without a chance correction.

Detailed results We present our results in Ta-
ble 11. The equivalent difference in performance
in percentage points (App = wGFN — CoT) is
presented in Figure 3, Section 5.

D Derivation of Online DPMM with vMF

This appendix provides the complete derivations
underlying the online DPMM described in Section
6. We derive the component posteriors, the batch
update rules via subtract-and-rescore and describe
the full algorithm.

D.1 Generative Model and CRP Structure

We work with a Dirichlet Process Mixture of von
Mises-Fisher distributions on the unit sphere S%~!.
In the Chinese Restaurant Process (CRP) represen-
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(b) GoEmotion

— Auto and Commute.
ki

— Banking
— Credit Cards

— Kitchen and Dining

— meta
— small Tlk
— Tavel
— utiity
— work

(c) CLINC-150

Figure 9: Distribution of cosine similarity between each test point and its true cluster centroid, computed with
Gemma-Embedding, for NERD, CLINC-150, and Emotion. NERD exhibits higher mean similarity and lower
variance, indicating tightly-aligned clusters; Emotion shows lower mean similarity and higher spread, reflecting
greater intra-class ambiguity while CLINC-150 falls in between the two.
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Figure 10: Pairwise Mahalanobis distances between class cluster distributions across the three tasks computed with
Gemma-Embedding for all tasks. Each row shows the three test splits for NERD, GoEmotion and CLINC-150
respectively. Each heatmap reports the Mahalanobis distance between pairs of class distributions; lower values
indicate clusters that are statistically closer while higher values reflect far-off class distributions. We observe that
NERD clusters are generally closer in high-dimensional embeddings as opposed to GoEmotion/CLINC-150 which
can aid in identification of similar clusters as these NERD clusters are less sparsely distributed as compared to

GoEmotion/CLINC-150.
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Hyperparameter Description Value
Qo Initial symmetric Dirichlet concentration per class 1/3
T Temperature scaling for KL scores {8 — 40} (depends on task)
0 In-distribution acceptance threshold {0.8—0.9} (depends on task)
Jip wGFN refinement iterations for first-time ID/OOD | 1
inference
Jmerge wGFN refinement iterations for merge decisions 2
k Top-k classes retained after first iteration during | 3
merge refinement
Tmin / Mmax Min / max classes per partition 3/6
Nz Latent trajectories per test point 9
Tz Token sampling temperature 0.6
K Provisional cluster promotion threshold 4
0o Initial merge acceptance threshold 0.9
Omin Final merge threshold (cosine decay) 0.9 — 0.75 (depends on task)
Ts Cosine decay schedule length (steps) 300
Oconv End-of-stream convergence threshold 0.5
n. Max classes per partition (merge) 5

tation the generative model is:

Table 10: Inference and online clustering hyperparameters with wGFN

with weights w,’

X;+1 arrives and the current model has K clusters
()

()

and component posteriors v, ’,

Z1.p CRP(O&)
B ~ VMF (s, o) Vh
x; ~ VMF(o,,, k) Vi

where o > 0 is the DP concentration, py € Sa-1
and k¢ > 0 are the prior mean direction and con-
centration, and x > 0 is the likelihood concentra-
tion. The vMF density on S ! is

VMF(x | 1, ) = Calr) exp(ips %)
jod/2—1

(277)d/2 Id/271(ﬁ)

where Cy(k) =

where I, is the modified Bessel function of the
first kind of order . The CRP prior over partitions
depends only on cluster sizes:

(0% OZK K
plan |0) = i TITCH)

where K is the number of clusters and |Cy| is the
size of cluster k. Because the CRP is exchange-
able, the conditional p(z; = k | z_;) is the same
regardless of the processing order of observations;
this is the property that licenses the batch updates
in Section D.7.

D.2 Lin’s Sequential Update Rules

Lin (2013) derives two update rules for the sequen-
tial variational approximation. When observation

the updates are:

Responsibility update (Lin’s Eq. 15)

w [F(xip1 | 0) 1\ (d0) k< K

pi+1(k) o
Osz(XH_l ‘ 0) /L(de) k=K+1
Posterior update (Lin’s Eq. 16)
‘ i+1
0 (d9) o p(dd) [] Fix; 1 0)7® ()
j=1

We evaluate both integrals in closed form for the
vMF conjugate case.

D.3 Collapsed Predictive for an Existing
Cluster

Given the current posterior v, = vMF(¢; |
ri/||rkll, [|rx||) where ry is the resultant vector,
we evaluate the integral in Equation 6:

/VMF(Xi | b1, &) vi(depy,)
- / Calr) Calra ) explray x; + 7 ) s
= Calw) Callul) [ exp{(w+ rxi) 1) dt

The integrand is an unnormalised VMF with
natural parameter rp + kx;. Since Cy(||rr +
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Task Model Accuracy ARI AMI NMI
CoT wGFN CoT wGFN CoT wGFN CoT wGFN
= | NERD Llama-3.2 3B | 26.681.99 | 53.132.05 | 10.161.25 | 39.764.02 | 14.75154 | 53.52253 | 21.861.30 | 57.682.90
S Llama-3.1 8B 5065377 67.0],2‘09 2767234 52.1 73.63 42. 182'54 68. ],9;;}();, 44.38308 7().982_11
§ CLINC-150 Llama-3.2 3B | 37.78p.63 | 59.859.94 | 16.580.42 | 37.471.91 | 22.699.19 | 56.14553 | 28.300.29 | 59.083.97
S Llama-3.1 8B | 45.786.29 | 61.882.17 | 28.19362 | 41.493.77 | 37.384.97 | 59.352.25 | 41.644.08 | 61.39251
é Emotion Llama-3.2 3B 25.002'25 48.213.29 8.61175 3(].372_90 13.481'45 47.88;;,51 21.18()‘38 49A574_52
O Llama-3.1 8B | 29.09¢.32 | 53.032.83 | 11.282.16 | 37.283.42 | 18.60180 | 56.333.02 | 25.611.04 | 58.373.72
NERD Llama-3.2 3B 29.601‘27 49.773.53 11.47122 33.442_78 17.220'35 49.(]71.72 23‘73()‘04 52152_15
- Llama-3.1 8B | 48.651.59 | 60.08358 | 27.51¢.19 | 47.622.18 | 38.791.47 | 59.53183 | 43.771.23 | 62.372.03
2 | cLNe 150 | lama-3.23B | 3133200 | 3133055 | 14.61150 | 12.97257 | 19.490.05 | 2045509 | 2373022 | 26.02357
f:: Llama-3.1 8B 38.560_16 42.561_[(] 17.29()‘14 24.801)_81 28.890_52 39-231.60 33‘68()‘15 41»940.66
Emotion Llama-3.23B | 22.371.16 | 31.261.16 | 8.42200 | 12.741.79 | 10.690.10 | 20.372.02 | 18.401.30 | 26.17307
Llama-3.1 8B 28.450'17 31.()31‘17 9.472‘21 12.910.(;2 14~401.81 20.951‘;;(; 20.41112 27.310_32
(a) Support invariance
Task Model Accuracy ARI AMI NMI
CoT wGFN CoT wGFN CoT wGFN CoT wGFN
E NERD Llama-3.2 3B 32.361_35 56.501_[(5 13.420_55 44.141_3(5 20.341_16 61.160_77 26.460_96 ()'3.1()‘0_,10
5 Llama-3.1 8B | 53.44107 | 65.79101 | 32.740.8s | 51.732.78 | 44.160.86 | 66.960.92 | 48.100.49 | 69.060.86
§ CLINC-150 Llama-3.2 3B 36.671'42 62.222,77 15.37()‘91 42.233_(;4 21~792.78 58.81;;.50 27.08280 (51.(593_41
£ Llama-3.1 8B | 47.04103 | 62.672.30 | 26.181.58 | 42.78519 | 37.24135 | 60.761 65 | 40.71162 | 62.881 .59
[ Ermotion Llama-3.2 3B | 23.96031 | 52.04501 | 8.13062 | 31.68006 | 14.18119 | 51.68116 | 21.751.46 | 54.131 15
©) Llama-3.1 8B 28.750‘46 53.452.59 12.20()‘52 36.4'—12_83 18.380‘84 55‘254.28 23‘93115 59~794.56
NERD Llama-3.2 3B | 30.833.74 | 50.111.11 | 14.141.44 | 34.733.02 | 21.141.48 | 50.200.72 | 27.92135 | 53.68p.25
5 Llama-3.1 8B | 50.82513 | 54.375.35 | 29.4704s | 41.95461 | 41.92050 | 56.305.20 | 45.980.35 | 59.565 50
2 | cLINC.150 | Flama-323B | 3107046 | 324417 | 1355145 | 1317205 | 18.60131 | 2080000 | 2372010 | 2642259
,{% Llama-3.1 8B 40.811'79 41.85(]‘34 20.00114 23.871_;;2 29.382'93 39.451‘50 33.40282 41.391_10
Emotion Llama-3.2 3B 24.282_84 30.21 1.63 7.640_92 11.612_06 12425] .30 19. 132_7,1 19.991_86 24.693_21
Llama-3.1 8B | 28.731.12 | 31.032.87 | 10.971.72 | 12.021.94 | 15.59185 | 19.69250 | 21.841.93 | 26.951 01
(b) Order invariance
Task Model Accuracy ARI AMI NMI
CoT wGFN CoT wGFN CoT wGFN CoT wGFN
E NERD Llama-3.2 3B 31.623'26 62.782‘73 12.44272 45.143_49 18.630'92 61.161‘1(; 25510‘98 ()3.731_20
5 Llama-3.1 8B | 51.354.02 | 63.451.93 | 30.01513 | 52.862.60 | 40.612.60 | 67.431.48 | 45.302.39 | 69.771 96
§ CLINC-150 Llama-3.2 3B | 32.03168 | 61.78561 | 16.772.8¢ | 41.807.34 | 22.932.81 | 58.477.95 | 27.90262 | 61.327.06
E Llama-3.1 8B 44.674‘46 62.442,84 25.04394 45.852_52 35~804,86 62‘322,91 39‘00492 64.443_15
g Emotion Llama-3.2 3B | 22.05149 | 52.41301 | 7.54325 | 30.89374 | 12.003,05 | 49.082858 | 19.502.55 | 53.372.92
&} Llama-3.1 8B 27802‘34 53.454.22 10~012406 35.874_7(—; 16.442'60 5(5.2()5‘12 22.83179 60.365_()7
NERD Llama-3.2 3B | 28.550.69 | 46.795.65 | 9.01411 | 31.49505 | 14.82596 | 44.285 17 | 21.995.47 | 48.49, og
5 Llama-3.1 8B | 49.333.02 | 49.220.16 | 30.283.74 | 39.087.57 | 41.103.07 | 53.366.19 | 45.442.77 | 57.405.44
% CLINC-150 Llama-3.2 3B | 30.969.73 | 30.159.94 | 12.871.18 | 12.991 45 | 17.861.40 | 20.792.36 | 23.079.86 | 26.661 5
% Llama-3.1 8B | 36.072.37 | 41.04339 | 16.162.04 | 24.071.15 | 22.032.59 | 39.541 15 | 26.162.52 | 41.061 25
Emotion Llama-3.2 3B 22.801'05 2&733.66 6.35176 12.051_97 10~342.56 20.791.40 18.18301 25-881.86
Llama-3.1 8B 25.682.37 31.51’10,19 8.992'35 13.080_72 12.383.50 20-‘5"11.84 18.853'25 25232.62

(c) Initialisation invariance

Table 11: Clustering performance (Accuracy, ARI, AMI, NMI) across tasks and stream orderings for Llama-3.2 3B
and Llama-3.1 8B, comparing CoT and wGFN. Subscripts denote standard deviation. Green entries indicate the
best result per row and metric.
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Algorithm 1 INFER: Dirichlet-posterior wGFN
inference

Require: test point or promoted mini-batch z; sup-
port S; threshold §; WGFN ggrn; GPs {GP.}eecs
Qo, T, J7 ka Nmin; Mmax, Nz

Ensure: ¢ € C (ID) or @ (OOD)

1: ZON2) o pr (- | @) > sample query latents
2: ac4—oagVeeC > initialise symmetric Dirichlet prior
3:forj=1,...,Jdo

4: if 7 > 1 then

5 C<top-k(C,7)

6: ac41/kVeeC b retain top-k classes and reset
local prior

7: end if

8: Partition C into groups {P;} with |P;| € [Pmin, Tmax]
9: for each partition P; do

10: fori=1,...,Nz do

11: foreachc € Prdo _

12: 8¢+ logp(XZWY,) —log (X ZVY,)
13: ke KL(GP, || N'(62)

14: end for

15: end for

16: de ¢ 5= 214 K| Vee P

17: end for

18: e exp(de/7) VeeC > global soft

Serec exp(der/T)
fractional pseudo-counts

19: e +=a., Veel

20: e 2“7“ VYeeC
clec %!

21: C < arg maxe 7i¢

22: if 7z > ¢ then

23: return ¢

24 end if

25: end for

26: return &

wx;|) exp((ry + wx;) " ¢y) integrates to 1 over
S

1
e + rxi])

/exp((rk + Hxi)—rd)k) de), = ol

Therefore the collapsed predictive likelihood for an
existing cluster is:

/VMF(XZ' | &1, k) vi(depy,)

 Callrl)
Calllxr. + rxi])

= Cy(k) (7

D.4 Collapsed Predictive for a New Cluster

For a new cluster, vk 11 is the prior 4 = vMF(- |
Lo, Ko). The computation is identical with ry, re-
placed by ko pg:

/ WMF(x; | &, %) u(deb)

Ca(ko)

(8)
Kok + Kxil|)

= Calw)- Ca(

Algorithm 2 FSOC with wGFN

Require: stream z1.7; WGFN ggen; GPs {GP.}; support S;
5, 60, 6min7 5conv, Ts, K, JID7 Jmergea n;rnnax

Ensure: assignments ¢1.7

Y —1; B+ 0

2: fort=1,...,7T do

3 ¢ < INFER(z¢, S,0; J = Jp)

4 if ¢ # & then

5: Yy < €

6: else

’7.

8

9

0

1

—_

> Algorithm 1

(ready,b”) +— ORACLEUPDATE(B, )

if ready then > b* has reached K examples
{xs}sez, T + POP(B,b")
10: 6t — 6min + (50_5min) 1+COS(27rt/TS)
11: ém — INFER({zs}, S, 05 J =
Jmergm Mmax = n;,nrixx)
12: if ¢, # @ then
13: Us < Cm Vs €L > merge
14: else
15: NEWCLUSTER(C, S,T);
16: UYs < Cnew VS €T
17: end if
18: end if
19: end if

20: end for

21: Convergence: Vb € 13, POP, INFER with dcony and J =
Jinerge, merge or NEWCLUSTER

22: return y

D.5 Component Posterior from Equation 6

Applying Equation 6 to the vMF conjugate case:

vi(dep) o< exp(ropg @) | [ exp(p; (k) & & x;)
j=1

n
—exp | o' [ropo + 1Y pi(k)x;
j=1

= exp(¢Trk)

This is a vMF with natural parameter ry:

rg
M7 rell )

n
ry = Koo + £ _ pj(k) x;
j=1

vy = vMF (qﬁk

In the collapsed representation, 1/, is never explic-
itly constructed. We maintain only the sufficient
statistic rg, which simultaneously parameterises v/
and enters the collapsed predictive. Updating ry
after each change in p; automatically updates vy.

D.6 Sequential Parameter Updates

In the sequential (one-pass) setting, observation
x; arrives fresh and has never contributed to the
cluster statistics. Equation 6 applies directly. Sub-
stituting Equations 7 and 8, and identifying the
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(i—1)

weight w, /= ng_l):
- O (|l
pi(k) o %d(Hrk + rxi|)
@ Ca(ro) k=K+1

Ca(||koro + wxil|)

Taking logarithms and dropping the shared
log Cy(k) (which cancels in normalisation):

S = logn,(:_l) + log Cd(Hr](j_l)H)
—log Ca(lr{ ™" + mxil) (k< K)
siy1 = loga + log Cy(ko)

—log Cy(||korg + kxil|) (k= K+1)

with p;(k) = exp(sg)/ >, exp(s;). After comput-
ing p;, the statistics are updated:

(4) (i—=1)

I'k :I'k

(4) (i—1)

nk :nk

+ pz(kz) K X;
+ pi(k)

If pi(K + 1) > ¢, anew cluster K + 1 is created
with r%)ﬂ = koo + pi(K + 1)kx; and n%)ﬂ =
pi(K +1).

In the sequential setting, x; has never contributed
to r,(;_l) or ng_l), so the leave-one-out condition
is satisfied automatically therefore no explicit sub-

traction is needed.

D.7 Convergence via subtract-and-rescore

After the sequential pass, we refine assignments by
iterating. The challenge: x; has already contributed
to the statistics, so Lin’s Eq. 15 (which assumes a
fresh observation) cannot be applied directly. We
resolve this using exchangeability.

Step 1: Subtract x;’s contribution. Define

leave-one-out statistics:

full old
roie =1y —pp (k) rx,

nige = nf = p4(k)

After this subtraction, x; has zero contribution to
the statistics.

Step 2: Invoke exchangeability. The DPMM
is exchangeable: the conditional p(z; = k | z_;)
and the predictive p(x; | x_; 1) depend only on
which observations belong to each cluster, not on
the order they were processed. Therefore, the state
after subtracting x;’s contribution is probabilisti-
cally equivalent to the state where x; is genuinely
the next observation to arrive.

Parameter  Description Value
Model priors

«a DP concentration 1.0

K Likelihood vMF concentration [800, 1500]T
Ko Prior vMF concentration 0

Ko Prior mean direction -
Inference

Er Responsibility update tolerance 10-°

Table 12: Hyperparameters of VMF-DPMM. T is tuned
per task with the lower and upper thresholds provided.

Step 3: Apply Equation 6. Withr_; ; andn_;
playing the role of the current statistics:

i =logn_; +log Cq(|lr—; k)
—log Ca(llr—ix + rxil]) (k< K)
sik+1 = log a +log Cy (ko)
— log Ca([|ropeg + K£x]|)

with p*% (k) = exp(si )/ D2 exp(siy).
Step 4: Restore x;’s contribution.

rzun —r_ip+piV(k) KXy,

il e n_ g+ PRV (k)

The subtract-and-rescore procedure is opera-
tionally equivalent to collapsed Gibbs sampling
(Teh et al., 2006a), where z; is resampled from
p(2i | z—;, X1.,) after removing ¢ from the counts.
The only difference is that collapsed Gibbs sam-
ples a hard assignment while SVA takes the soft
expectation under q.

E Experimental details for Section 7

Validation set To determine all hyperparame-
ters for DPMM, wGFN and CoT across datasets,
we sample across 10 data points across 5 classes
from the validation set of each task (MultiNERD,
CLINC-150 and GoEmotion). Therefore, we have
50 points in total per task to determine all valid
hyperparameters.

Hyperparameters Table 12 lists the hyperpa-
rameters of the vMF-DPMM model and inference
procedure used in Section 7. We point-estimate
K as opposed to maintaining a posterior as a full
Bayesian treatment is intractable in closed form
(Batmanghelich et al., 2016) and ablate sensitivity
in Table 12. For wGFN, we follow similar hyper-
parameters as referenced in Table 10. For CoT,
we use the recommended Qwen-3 hyperparameters
for sampling (we set: temperature=0.6, top-p=0.95,
top-k=20).
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You are an assistant who will reply to the question clearly and succintly. Finish each sentence with a full stop. In the
sentence 'R with regular season drivers Oliver Gavin and Tommy Milner by the smallest ever margin of victory 0.034
seconds.” the entities [’Oliver Gavin’, "Tommy Milner’] represent Class A.

In the sentence ’All songs composed by Robbie Robertson.’ the entity ['Robbie Robertson’] represents Class A.

In the sentence ’In April 2020, he conceded the nomination to Joe Biden, who had won a series of decisive victories as
the field narrowed.’ the entity ['Joe Biden’] represents Class A.

In the sentence 'At the far end of the hall are two large murals by ornithologist and artist, Louis Agassiz Fuertes. the
entity ['Louis Agassiz Fuertes’] represents Class A.

In the sentence "The rally included video messages from Lou Brock, Ernie Banks, Ozzie Smith, Joe Montana, Wayne
Gretzky and Michael Jordan.” the entities ['Lou Brock’, ’Ernie Banks’, Ozzie Smith’, "Joe Montana’, "Wayne Gretzky’,
"Michael Jordan’] represent Class A.

In the sentence 'Another well-known early locomotive was “Puffing Billy”, built 1813—14 by engineer William Hedley.
the entity [’ Puffing Billy’] represents Class O.

In the sentence "These were used for only a short time before being replaced by Yak-11 s and Yak-18 s in late 1952." the
entities ['Yak-11", Yak-18’] represent Class O.

In the sentence A special higher type of catering truck has been designed to accommodate the Airbus A380." the entity
[’Airbus A380’] represents Class O.

In the sentence 'The Imperial Japanese Army developed the Kayaba Ka-1 autogyro for reconnaissance, artillery-spotting,
and anti-submarine uses.’ the entity ['Kayaba Ka-1’] represents Class O.

In the sentence 'The Alvis Saladin armoured car was a 6x6 design with the engine compartment in the rear, a 76.2 mm
low pressure gun turret in the centre and the driver in front.” the entity ['Alvis Saladin’ | represents Class O.

In the sentence "He also set a large number of “dietary interdictions”, some based on calendrical notions (no water
chestnuts in the 7th month), others on purported interactions between foods (no clear wine with horse meat) or between
different flavors.’ the entity ['water chestnuts’| represents Class M.

In the sentence It is the 16th-largest family of flowering plants, with more than 3,700 species in 434 genera including
such well-known and economically important plants such as ajwain, angelica, anise, asafoetida, caraway, carrot, celery,
chervil, coriander, cumin, dill, fennel, lovage, cow parsley, parsley, parsnip and sea holly, as well as silphium, a plant
whose identity is unclear and which may be extinct.’ the entities [’angelica’, ’anise’, ’caraway’, ’carrot’, ’celery’,
"chervil’, coriander’, "cumin’, "dill’, ’lovage’, parsley’, "parsnip’] represent Class M.

In the sentence 'Tea bags are made from abacd fibers, a very thin and long fiber manilla hemp.’ the entity [’abacd
fibers’] represents Class M.

In the sentence "Ammophila Arenaria, known as European beachgrass, has a similar story, though it has no horticulture
benefits.” the entity ['Ammophila Arenaria’| represents Class M.

In the sentence It consists of pureed or mashed potatoes and other root vegetables, and can also include cream, bacon,
onion or shallot, herbs, and spices.’ the entities ['onion’, ’shallot’] represent Class M. Which class does the entity
[’Alcona County’] in the sentence "The highway turns northwesterly through forest land to cross into Alcona County.
represent? Think step by step and reply with the correct Class. Reply with ’None of these’ if the answer does not fall in
any Class.

>

>

Okay, let’s see. The user is asking about the class of the entity “Alcona County” in the sentence “The highway turns
northwesterly through forest land to cross into Alcona County.” I need to figure out which class it belongs to based on
the previous examples.

Looking at the examples, there are different classes: Class A, O, and M. Class A seems to be for people or entities that
are individuals or well-known figures. Class O is for objects or things, like vehicles, machines, or specific items. Class
M is for materials or substances, like fibers, plants, or ingredients.

In the given sentence, “Alcona County” is a place name. It’s a county in the United States. Now, looking at the examples,
the only class that fits a place like a county would be Class O. Wait, but in the earlier examples, places like “Airbus
A380” were Class O, which is an object. But “Alcona County” is a geographical area, so maybe it’s a place. However,
in the examples given, there’s no mention of a class for places. The classes are A, O, M.

Wait, looking back, in the example where “Alvis Saladin” was a vehicle, it was Class O. “Airbus A380” was an aircraft,
also Class O. “Kayaba Ka-1" was a machine, Class O. So O is for objects, things, or entities that are specific items or
machines. “Alcona County” is a geographical area, not an object. But the user hasn’t provided an example for a county.
Looking at the examples, the only class that wasn’t A or M was O. The user didn’t have any examples of a county,
but the other examples for O were objects, machines, or vehicles. Since “Alcona County” is a place, but none of the
examples have a place in the classes, maybe the answer is that it doesn’t fit into any of the given classes. However, the
user says to reply with ‘None of these’ if it doesn’t fall into any.

In the example where “Ammophila Arenaria” was a plant, it was Class M. “Alvis Saladin” was a vehicle, Class O.
“Airbus A380” was a plane, Class O. “Kayaba Ka-1" was a machine, Class O. “Puffing Billy” was a locomotive, Class
O. “water chestnuts” were a plant, Class M. “abacd fibers” were a material, Class M. “angelica” etc. were plants,
Class M. “Alcona County” is a place, not a person, object, or material. Therefore, it doesn’t fit into A, O, or M. So the
answer should be “None of these”.

None of these.

Figure 11: Multi-step CoT reasoning with Qwen-3-4B (enabled deep thinking mode represented in orange, input
prompt displayed in red and model response in green) using NERD. Notice that the model employs deeper chain of
thought reasoning traces after decomposing the problem step-by-step (Wei et al., 2022b).
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Embedding dimension Qwen-3 embedding
models are trained with Matryoshka Represen-
tation Learning (MRL) (Kusupati et al., 2022),
which nests representations at multiple granulari-
ties within a single model so that any leading prefix
of the full embedding vector retains strong repre-
sentational quality. This means that truncating em-
beddings to a lower dimension is a native, lossless
operation rather than a post-hoc approximation. In
contrast, methods such as UMAP (Mclnnes et al.,
2020) or the Nystrom approximation apply non-
linear or random projections that can distort the hy-
perspherical geometry on which the vMF-DPMM
is defined, introducing artefacts that would corrupt
the model’s distance computations. We therefore
use d = 512, a dimension natively supported by
MRL training, as a computationally efficient oper-
ating point that avoids any such geometric distor-
tion after doing a sweep on our validation set from
d = 32 to d = 2048 with a step size of x2.

Deep thinking mode in Qwen-3  All autoregres-
sive models in the Qwen-3 family have an option to
enable significant enhancement in reasoning, cod-
ing and agentic abilities by enabling the thinking
mode (Yang et al., 2025), albeit at a significantly
higher cost due to an increase in the number of
“thought" tokens consumed. We compare wGFN
and DPMM against this state-of-the-art baseline
for few-shot online clustering and present a sample
CoT reasoning trace in Figure 11.

F Usage of Al

ChatGPT was used for grammatical correction and
compressing original content in the main paper,
mainly to fit the page limit. Boilerplate code snip-
pets (such as helper functions, I/O operations, sam-
pling functions etc.) were also written with the
help of coding assistants.
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