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Abstract

A range of methods aim to enhance the perfor-
mance of vision-language models (VLMs) at test
time. Among them, transduction has emerged as a
promising paradigm due to its strong compatibil-
ity and efficiency. However, realistic evaluations
often involve highly imbalanced class distribu-
tions, which cause performance degradation or
even collapse. In this work, we systematically
revisit transduction from the perspective of penal-
ized likelihood estimation (PLE), showing that
PLE with a KL-divergence anchor term naturally
yields an adaptive shrinkage behavior between
prior anchors and empirical estimates. From this
viewpoint, the brittleness of transductive meth-
ods can be attributed to the absence of anchoring
mechanism and static modeling of the shrinkage
strength. Therefore, we propose Mixture of Von
Mises-Fisher Models with Dynamic Shrinkage
(MOON). MOON is built upon a mixture of von
Mises-Fisher distributions to model feature repre-
sentations on the unit hypersphere. To handle im-
balance, MOON dynamically adjusts the shrinkage
strength using zero-shot priors at both instance
and class levels. Thus, it suppresses unreliable
assignments and prevents harmful updates from
outlier classes, thereby mitigating negative trans-
fer. MOON is model-agnostic, training-free, and
requires no task-specific hyperparameter tuning.
Extensive experiments further validate the advan-
tage of MOON in both performance and efficiency.

1. Introduction

Vision-language models (VLMs) have achieved remarkable
success in the computer vision community. By pre-training
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on massive image-text datasets, these models have learned
strong multimodal representation capabilities that align vi-
sual and textual concepts in a shared latent space. Therefore,
VLMs generalize effectively to a wide range of downstream
tasks and domains, from low-level image classification (Lu
et al., 2022) to high-level visual question answering (Liu
et al., 2023). This process requires few or even no training
data. For example, CLIP (Radford et al., 2021) trains dual
encoders through large-scale image-text contrastive learn-
ing. During inference, zero-shot predictions can be simply
achieved by computing image-text embedding similarities.

Motivated by this, many methods aim to enhance the zero-
shot predictive performance of VLMs at test time, where
only unlabeled test samples are given. Among them, the
most popular online test-time adaptation (TTA) (Dobler
et al., 2024; Huang et al., 2026; Chen et al., 2026) methods
adjust model behavior on-the-fly using current incoming
data streams. In parallel, a closely related line of research,
often referred to as transduction or transductive learning
(Liu et al., 2020), focuses on exploiting the structure of
available unlabeled data to perform joint inference over
all test samples within a task'. Specifically, transductive
methods are typically achieved by performing soft prob-
abilistic clustering at the embedding or logit level. Due
to its “black-box” nature, which requires neither access to
model internals nor expensive gradient backpropagation,
transduction exhibits strong model-agnostic compatibility
and high efficiency. Therefore, it has emerged as a particu-
larly promising paradigm for realistic deployment.

However, in realistic test-time scenarios, only small batches
of unlabeled samples are available, where the underlying
class distributions are often highly imbalanced. For instance,
data streams may exhibit strong temporal correlations, or
only a few classes may appear within a mini-batch. Never-
theless, most existing methods and benchmarks assume that
class marginals are fixed and uniform. As discussed in prior
studies (Veilleux et al., 2021), this often leads to degener-
ate predictions and severely limits their applicability. Our
evaluations in Fig. 1 further demonstrate this brittleness that
under realistic settings, many transductive and online TTA

'This notion is commonly contrasted with inductive learning,
where predictions are independently made for each sample.
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(a) Batch adaptation with a limited number of effective classes. (b) Online adaptation under non-i.i.d. data streams.

Figure 1. Performance comparison on two realistic settings. Existing transductive or online TTA methods suffer from performance
degradation or even collapse, while our proposed MOON consistently enhances VLM prediction and outperforms state-of-the-art baselines.

methods suffer from performance degradation or even col-
lapse. Statistically, the failures of transductive methods may
arise as they implicitly treat prediction as a latent-variable
estimation process. Under class imbalance, majority classes
dominate the statistics, while estimates derived from limited,
biased observations of minority classes become unreliable
and increasingly deviate over iterations>. This ultimately
leads to negative transfer (Wang et al., 2019).

To alleviate this issue, recent studies introduce explicit reg-
ularizations to penalize excessive deviation of empirical
estimates, among which KL-divergence-based anchor terms
have proven effective (Zanella et al., 2025). Based on these
observations, transduction can be systematically revisited
under a unified penalized likelihood estimation (PLE) for-
mulation, where prior knowledge is incorporated as a sta-
tistical anchor. Specifically, we theoretically demonstrate
that KL-anchored estimator naturally yields an adaptive
shrinkage behavior, where class statistics are updated as a
convex combination between prior anchors and empirical
estimates. Hence, we attribute the brittleness of existing
transductive methods to the following limitations: First,
methods without anchoring mechanisms tend to overfit lo-
cal statistics, which rapidly amplifies noisy assignments and
leads to catastrophic collapse; Second, even anchor-based
methods typically rely on a static modeling of shrinkage
strength that implicitly assumes the reliability of statistics
remains constant across samples and classes. As illustrated
in Fig. 2(a), this design remains far from optimal in both ac-
curacy and robustness, and inevitably requires task-specific
hyperparameter tuning, which is impractical in practice.

Therefore, we propose MOON, a simple yet effective method
for realistic test-time transduction. MOON follows the KL-
anchored PLE objective and models feature representations

2This also applies to online TTA methods: although predictions
are made sequentially, memory banks or distributional anchors are
still influenced by previous statistics of the data stream.
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Figure 2. (a) Controlling shrinkage strength with anchor weight
a of state-of-the-art method StatA. Such static modeling is
suboptimal in accuracy and robustness. (b) Accuracy-Runtime
Tradeoff. MOON enables effective and efficient adaptation.

using a mixture of von Mises-Fisher (vMF) distributions on
the unit hypersphere. To robustly handle class imbalance,
MOON dynamically adjusts the shrinkage strength using zero-
shot priors at both instance and class levels. At the instance
level, unreliable assignments are suppressed based on en-
tropy, promoting a more robust label coverage. At the class
level, harmful updates from outlier classes are identified
and prevented, thus mitigating negative transfer. As a result,
MOON enables a fine-grained, fully data-driven shrinkage,
and can be seamlessly plugged into existing VLMs for en-
hancement. Our contribution can be concluded as follows:

@ New Perspective with Theoretical Support. We system-
atically analyze the brittleness of existing methods under
realistic class imbalance. By revisiting transduction from
the perspective of penalized likelihood estimation (PLE),
we theoretically prove that such estimators inherently ex-
hibit adaptive shrinkage, which allows us to identify two
limitations: absence of anchoring mechanism and static
shrinkage strength modeling.

@ Novel Methodology. We propose MOON, which is based
on a mixture of von Mises-Fisher (vMF) distributions.
It dynamically adjusts the shrinkage strength using zero-
shot priors, which effectively suppresses unreliable assign-
ments and prevents harmful updates from outlier classes,
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mitigating negative transfer.

® Empirical Validation. We conduct extensive experiments
across 11 datasets under two realistic settings, demonstrat-
ing that MOON is: (i) Effective: improving zero-shot CLIP
by 13.2% across 10 scenarios on ImageNet, outperform-
ing the strongest baseline by 8.8%; (ii) Efficient: Being
training-free, processing thousands of samples within tens
of milliseconds, which is merely 3.3% of CLIP’s inference
latency; (iii) Practical: Operating under a model-agnostic
black-box assumption and requiring no task-specific hy-
perparameter tuning, ensuring seamless deployment.

2. Related Work

Enhancing VLMs at Test-Time. A growing body of work
focuses on adapting VLMs at test time to enhance their per-
formance on downstream tasks, where only unlabeled target
samples are available. Among them, the most popular test-
time adaptation (TTA) methods can be broadly divided into
two categories. The first focuses on updating model pa-
rameters online via lightweight fine-tuning, such as prompt
tuning (Shu et al., 2022; Feng et al., 2023) or adapters (Ab-
dul Samadh et al., 2023). This often requires expensive data
augmentation and gradient backpropagation. The second
avoids training and instead directly adjusts model outputs by
maintaining caches (Zhang et al., 2024a), memories (Zhang
et al., 2024b), or distribution modeling (Han et al., 2024)
over historical data streams. Our work primarily relates to
this category and refers to these methods as online TTA. In
parallel, the concept of transduction was originally explored
in few-shot learning (Martin et al., 2022), where it aims
to exploit the structure of available data to perform joint
inference over test samples. When extended to zero-shot
learning, this paradigm can be viewed as a subclass within
a broader TTA framework. Recent works like TransCLIP
(Zanella et al., 2024) and ZLaP (Kalantidis et al., 2024) have
investigated transduction for VLMs, while StatA (Zanella
et al., 2025) further discusses it under the test-time class im-
balance. Despite making progress, several limitations still
bottleneck their performance. This motivates our MOON.

Imbalanced Learning in Realistic Scenarios. Most ex-
isting TTA methods and benchmarks assume perfectly class-
balanced tasks at inference, i.e., the marginal class probabil-
ities are treated as uniform. In contrast, realistic deployment
scenarios often exhibit highly imbalanced class distributions,
such as sparse, long-tailed, or non-i.i.d. batches (Ochal et al.,
2023). In such contexts, the inductive biases of standard
TTA methods can be harmful. First, limited and biased
statistics might lead models to overfit to locally dominant
distributions, resulting in negative transfer. Second, com-
monly adopted tricks like marginal entropy minimization
(Wang et al., 2020) also become counter-productive as they
force the model to align with a mismatched uniform prior.

Consequently, both transductive and online TTA methods
may suffer from performance degradation or even collapse,
as also empirically demonstrated in prior works (Zhao et al.,
2023; Veilleux et al., 2021). Recent solutions either mitigate
sampling bias with memories (Gong et al., 2022) or intro-
duce statistical regularization to stabilize estimates (Zanella
et al., 2025). Our MOON aligns with the latter by adopting a
KL-anchored PLE framework with dynamic shrinkage.

3. Revisiting Test-Time Transduction

Problem definition. Consider a batch of V test samples
{x;}X,, with the label space consisting of K candidate
classes. Let 6,(-) and 6,(-) denote the visual and textual
encoders of a pre-trained VLM, respectively. For each class
k, we obtain its textual embedding t;, = 0;(cx) € R? witha
prompt cy, (e.g., “a photo of a [classname]”). Similarly, the
visual feature embedding is extracted as f; = 0, (x;) € R<.
After /o-normalized onto the unit hypersphere S¢~1, zero-
shot predictions are computed via cosine similarity:

5 exp(fthk/T)
Nl 7
> exp(ft;/7)

where A denotes the probability simplex, and 7 is a fixed
temperature coefficient from pre-training.

Vi = {Virtier € Ax, (1)

Realistic imbalanced settings. Following StatA (Zanella
et al., 2025), we consider two realistic settings: (i) Batch
adaptation: each batch contains a limited number of effec-
tive classes Ko (1 < Ko < min{N, K}), where batches
are processed independently. (ii) Online adaptation: test
samples arrive as a non-i.i.d. data stream, whose temporal
correlation is controlled by a Dirichlet parameter £. Here,
historical batch information is accessible. For details on the
sampling for the imbalanced data, please refer to App. C.4.

Penalized likelihood estimation. Recent transductive
methods can be broadly conceptualized as a family of soft
probabilistic clustering algorithms, which aim to infer la-
tent class assignments and class-conditional distributions
over the unlabeled test set. We revisit this process within
a penalized likelihood estimation (PLE) formulation that
jointly estimates the following variables: (i) Assignment
vectors z; = {z; 1} € A, representing the latent
posterior class probability within the probability simplex
(initialized from y;). (ii) Mixture models M = {M } X,
where each component M, models the feature distribution
of class k with a set of statistical parameters (e.g., mean and
covariance). The general optimization objective is given by:

N
. _ . _ T .
arg Iznllvl} Lpg = arg Iznll\;ll ( Z; z; logpi + R(z)) + aR(M).
2
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Here, the first term represents the standard negative log-
likelihood (NLL), with p; denoting class-conditional likeli-
hoods under M. The terms R(z) and R(M) serve as penal-
ization regularizers for assignments and distribution parame-
ters, respectively. Specifically, R(z) is typically introduced
to mitigate the inherent biases of unsupervised clustering,
e.g., by encouraging smoothness or consistency with priors.
R(M) is the key to prevent the model from overfitting to
local statistics in realistic class-imbalanced scenarios, where
« is a hyperparameter. This is achieved by penalizing the
deviation between empirical estimate and the zero-shot prior
anchor M’ via a KL divergence: R(M) = KL(M'|M).

Adaptive anchor shrinkage. The effectiveness of the
PLE formulation in realistic class imbalance largely hinges
on the KL-based distribution anchor term R(M). We theo-
retically demonstrate that KL-anchored PLE naturally yields
an adaptive shrinkage behavior, where statistics are encour-
aged to update between empirical estimates and prior an-
chors. While recent works are implemented under a stan-
dard Gaussian assumption by default, this behavior naturally
generalizes to the entire exponential family of distributions.

Formally, consider a K -class latent-variable mixture model
with soft assignments {z; .} ; and class-conditional den-
sities from a regular minimal exponential family, i.e.,

p(z | n) = h(z)exp(n’ A(n)), )

where 7 is the natural parameter, T'(z) represents the suf-
ficient statistic, A(n) is the log-partition function®, and
h(x) denotes the base measure. Let n, = ), 2 and
Sk = Y, zikT(x;) denote the class-wise soft count and
sufficient-statistic sum. Given a fixed anchor distribution
qx(z) = p(x | n},) with mean parameter p), = VA(n),), the
KL-anchored PLE optimizes during parameter update:

T(x) -

N K K

min—ZZzlklogp (zi | nr) +o¢ZKqu || p(: \nk)),a>0.

1S3 k=1
4

Then the unique minimizer 7; satisfies the closed-form
shrinkage in the mean-parameter space:

Sk + apl,
ng + «

VA(ni) = =B ik + (1= By, (5

where i, = 5—’; is the empirical estimate when ny; > 0,

Br = n:ja € [0, 1] denotes the shrinkage strength. Eq. (5)
reveals that the update is a data-driven convex combination
between the empirical estimate and the prior anchor, with S,
controlled by soft count n; and anchor weight «, adapting
automatically to the amount of evidence available for each
class: classes with abundant support approach standard
maximum likelihood estimation (MLE), while rare classes
remain strongly regularized by the anchor.

3This is different from the Bessel function ratio A4(-) below.

Limitation 1: no anchor. Notably, in the absence of the
anchor term (« = 0), we have 8, = 1, and Eq. (5) degen-
erates to standard MLE. Under realistic class imbalance,
this causes estimation overfitting to locally biased statistics
dominated by majority classes, which can rapidly amplify
errors over iterations and lead to catastrophic collapse.

Limitation 2: bounded but static shrinkage. When o > 0,
Eq. (5) further implies ||V A(n;) — [l = Bull e — w4,
linearly bounding the deviation by f3j. In particular, if nj, =
0 (outlier classes), the update stays exactly at its anchor, i.e.,
VA(n;) = p,, preventing any harmful deviation. However,
we could find that these types of anchor-based methods
still employ a static anchor strength «, implicitly assuming
equal reliability of statistics across instances and classes.
Therefore, their performance and robustness may remain
suboptimal (as shown in Fig. 2(a)), which inspires our
MOON. Detailed proofs are provided in App. D.

4. Our Proposed MOON

Since Eq. (5) applies to the entire exponential family, we
propose to adopt a mixture of von Mises-Fisher (vMF)
(Gopal & Yang, 2014; Hasnat et al., 2017; Govindarajan
et al., 2024) distributions for modeling as normalized VLM
embeddings are intrinsically constrained to the unit hyper-
sphere. This distribution is commonly regarded as the natu-
ral generalization of Gaussian distribution onto the sphere
(Martin et al., 2024). Formally, for a d-dimensional unit
vector f; € S?~1, the probability density function of a VMF
component Vi, (., ) is defined as:

MF
Pk = p(Ei; py, k) o< Calrik) exp(rrpey, £1), (6)
where pu;, € S?-1 denotes the mean direction vector, and

Kk > 0 is a scalar concentration parameter measuring the
d/ —

(27")‘1/2111/2 1(Kk)
malization constant, derived from the order-v modified

Bessel function of the first kind I,,(-). On the basis of
this, the KL divergence between V), and anchor V,’C takes:
KL (V} | Vi) = log G255 + i) Au(k,) — e Aa(is)) 1 144

Ca(kk)
(details in App. E.2), where A4(k) = % represents

the Bessel function ratio. We initialize the anchor distribu-
tion V;, with zero-shot priors leveraged from text:

>zl — ]
2Zi Zi,k ’

The derivation of A4(k},) is provided in App. F. Building
upon the above formulation, we arrive at the final objective:

Loe(z; p, k) = (— Zj\; Z; 10g(PZMF) + R(z))

- _ Zi,j UJz‘jZi z; + Zi:l KL(z;||y:).

isotropic precision. Cyq(ky) = is the nor-

py =tr, Aa(ki)=1- N

where
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For R(z), we choose a widely-adopted combination of a
Laplacian regularizer and a text-supervision term (Zanella
et al., 2024; 2025), where w;; = flT f; denotes feature affin-
ity. The former performs label propagation among nearby
samples to encourage smooth assignments, while the latter
penalizes deviations from zero-shot predictions. Moreover,
we introduce two weights at instance and class level, ~
and «, enabling dynamic adjustment of shrinkage strength.
Different from Eq. (2), both weights are driven by priors.

4.1. Dynamic Shrinkage for Realistic Class Imbalance

Instance-level adjustment. The first two terms in Eq. (8)
actually form a standard MLE objective, which typically
treats all test samples equally. However, in realistic scenar-
ios, certain zero-shot predictions may be inherently noisy;
estimation biases may also accumulate and propagate over
iterations. A natural idea is to employ predictive entropy
as a metric for reliability, as it is widely adopted in TTA
for model optimization or memory updates (Wang et al.,
2020; Karmanov et al., 2024). Therefore, we introduce an
entropy-based weight v; € [0, 1] to dynamically re-weight
the contribution of each sample to the MLE objective:

_HE)
log K’
where H(y;) = — Zle 9.k log ¥; 1, denotes entropy, and
log K serves as the normalization factor. Through this mech-
anism, certain predictions are encouraged, while uncertain
or ambiguous ones are suppressed. As explicitly shown in
Eq. (14), it serves as a coefficient for assignments z; and
filters out unreliable samples during the parameter estima-

tion of u;, and ;. In implementation, we update ~; with
H(z:)
log K *

yi=1 ©))

current assignments z; for stability, i.e., v; = 1 —

Class-level adjustment. Class imbalance inherently in-
duces class sparsity, such as K. < K or £ = 0. More
importantly, it’s impossible to identify which classes are ef-
fective (i.e., present) within batch, as labels are unavailable
at test time. This makes transduction particularly vulner-
able to negative transfer from outlier (i.e., absent) classes.
Although the distribution anchor in Eq. (8) alleviates this is-
sue by inducing an adaptive shrinkage behavior, it treats all
classes equally and lacks dynamic, fine-grained shrinkage
strength modeling. Moreover, it operates with a single scalar
hyperparameter o, which requires task-specific tuning.

To address this limitation, Partial Domain Adaptation (PDA)
(Cao et al., 2018) has provided successful experiences that
we can learn from. PDA studies settings in which the target
label space forms a subset of the source label space. This
also works for our test-time settings, as the effective class
set of a given test batch is also a subset of VLM’s predefined
candidate class set. Consequently, the absence of classes
can be interpreted as a form of source-target label space

mismatch, which should be suppressed during adaptation. In
PDA, such mismatch is typically quantified with zero-shot
prediction confidence, since classes with higher confidence
are more likely and frequent to be present in the target
domain. Leveraging this insight, we replace the fixed scalar
o with class-level dynamic weights a = {av }5_,.

Intuitively, highly confident classes should encourage the
parameters pu;, and sy to align more closely to empirical
estimates, pushing the strength 5, = nk’ffak towards 1.
Therefore, o, should be negatively correlated with class
confidence. We define o, to be inversely related to confi-
dence, as this form is widely used in statistical learning to

impose regularization on less reliable signals (Zou, 2006):

1
Ak’
where )\, denotes the k-th class confidence derived from
zero-shot priors. PDA methods often directly estimate Ay
from average confidence. In test-time settings, however,
such a design is insufficient, as the effective label set varies
across batches. On the one hand, those rare but effective
classes, occurring infrequently yet consistently in the data
streams, might be confused with truly outlier classes and
instead suppress positive transfer. On the other hand, we
don’t want to lose the generality under a distribution closer
to uniform. For balance, \j is defined as the geometric
mean of the average and the maximum confidence:

(10)

aE =

1 N A
A = \/ﬁ > Vik ©OmaxFis. (1)
This mildly sacrifices accuracy under severe class imbalance,
but yields a more general solution across broader scenarios.

4.2. Optimization Algorithm

Since the proposed PLE objective jointly involves the as-
signments z and mixture parameters { Vg (py,, kx) oy, we
adopt an efficient optimization algorithm following recent
works (Zanella et al., 2024). The algorithm follows the
Block Successive Minimization (BSUM) framework (Raza-
viyayn et al., 2013), which alternately updates two blocks of
variables via iterative block-coordinate descent on surrogate
objectives. This algorithm is also theoretically guaranteed
to converge, as shown in App. A. Given that both v and «
are non-negative, all terms in Eq. (8) except the Laplacian
regularizer are convex with respect to each block.

Linear approximation w.r.t assignments z. Due to the
presence of concave Laplacian regularizer > i wijz? Zj, a
closed-form update for z cannot be obtained directly. There-
fore, we construct a linear upper bound by replacing this
term with its first-order Taylor expansion at current iteration,

ie,—>, ziT (Zj wijZ§t)>, where z§t) denotes the assign-
ment obtained at iteration ¢. By minimizing the constructed



Von Mises-Fisher Mixture Model with Dynamic Shrinkage for Realistic Test-Time Transduction

approximate surrogate objective, we have:

¥i © exp(log p™MF + 3 wiyz)
(9: © exp(log pyMF + > UJijZ;t)))T]lK

2D _

k3

12

Detailed derivations are provided in App. G.1. In imple-
mentation, we omit the inner-loop optimization required in
previous works and perform a single pass per iteration for
efficiency. Note that v does not appear in Eq. (12) as it
could be canceled out during the derivation of z;.

Closed-form update w.r.t parameters p and . When
fixing z, Eq. (8) becomes strictly convex with respect to
the mixture parameters @ and k. Therefore, we can derive
closed-form updates by setting partial derivatives to zero:

> vizinfi + apAa(K))
1325 viziwfi + arAa(ky) pr
| 32, vizixfi + anAa(kr) pyll

Aa(kr) = S Azt on )

Ky =
(13)

As shown in Sec. 3, we can rewrite the above updates in a
more intuitive form. Under the mild assumption A4(k},) ~
1, Eq. (13) is equivalent to (proof in App. H):

Brvr + (1 — Br) ey,

= 7J4 ki) = v + (1 — ! ,
P = TBeon+ (L= By 7o) = I1Bkvi & (1= Bu)w |
(14)
where v = Zimitirmisfi ooq g D vikmik

SN VikZik SN VikZiktar
This offers an intuitive interpretation of the anchor shrinkage

as in Eq. (5). Here, vy, represents empirical estimates from
standard MLE, and p}. serves as prior anchor. Our proposed
adjustments are seamlessly integrated here: ny = >, 7% i
replaces soft count ) _. z; , ensuring that noisy predictions
are suppressed. o, further penalizes harmful deviations: for
effective classes, ay — 1 while nj increases, allowing the
model to learn more from data; for outlier classes, o, domi-
nates (i, forcing the updates to shrink towards the anchor,
thereby mitigating negative transfer.

Overall procedure. The overall procedure of MOON is
summarized in App. A. The initializations and updates
mentioned above directly yield the Bessel function ratio
A (kg), which corresponds to the mean resultant length of
the vMF distribution 7, . We then employ the well-known
approximation (Banerjee et al., 2005) to estimate r:

dry — T} _
K & 7 = Ag(k). (15)
1—72
k
Note that the parameter estimation of vMF mixtures is sim-
pler and more computationally efficient than GMMs, as it
uses fewer parameters and avoids the expensive quadratic

forms and inversions of R%*¢ covariance matrices.
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Figure 3. Convergence analysis on ImageNet and DTD. We
demonstrate performance curves over iterations for each method.

5. Experiments

We evaluate our method in several scenarios under two real-
istic settings, as defined in Sec. 3. We report the Top-1 ac-
curacy across 11 public fine-grained classification datasets,
and adopt CLIP ViT-B/16 as our default VLM backbone.
Please see App. C for details on datasets, baselines, prompt
templates, and other experimental specifics.

5.1. Main Results

Batch adaptation. We first report the results under batch
adaptation in Tab. 1(a) and (b), with batch sizes of 64
and 1,000, respectively. The results show that existing
transductive methods generally suffer from severe perfor-
mance degradation under realistic class-imbalance, and most
of them even collapse and underperform zero-shot CLIP.
While StatA mitigates this issue by introducing anchor term
R (M), its performance remains suboptimal. In contrast, our
MOON consistently achieves the best average performance
across all scenarios, effectively enhancing VLM predictions.
Notably, the performance gains of MOON become more pro-
nounced as class imbalance becomes more severe (%
decreases). Moreover, MOON delivers the most significant
gains on challenging large-scale datasets such as ImageNet,
highlighting its superiority in practical applications.

Online adaptation. We further evaluate methods under
online adaptation. As shown in Tab. 2, most online TTA
methods remain relatively stable across different correlation
strengths, without exhibiting performance degradation. Nev-
ertheless, MOON still achieves state-of-the-art performance
generally. We observe a slight drop only in the Low scenario,
where the class distribution becomes closer to uniform. This
can be attributed to the inherent bias of our «, as it is de-
signed to favor sparse effective class sets. Similarly, MOON
brings better improvements in scenarios with stronger cor-
relations. For example, MOON outperforms StatA by 10.7%
on ImageNet in the Separate scenario.

5.2. Efficiency Analysis

Runtime. Tab. 3 reports the runtime per batch on the
ImageNet dataset. We observe that the CLIP inference, in-
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Table 1. Main results for batch adaptation, averaged over 1,000 runs. The best and second-best results are marked in bold and
underlined, respectively. We report three scenarios for each batch size 64 and 1,000, with varying range of effective classes Kcq. Subscript
green indicates improvement, red indicates decline, and gray indicates no change compared with zero-shot performance.

(a) Setting where the batch size is 64: Very Low (1-4 K.g), Low (2-10), and Medium (5-25).

& A s z@j\b > NY & >
g &
& & & & & & o & 4 NJ &
Ko Method N4 S v ¥ = <° <9 < 4 Q N Avg.
CLIP 66.6 62.5 24.7 48.3 65.6 85.9 89.1 70.7 93.2 435 67.5 65.2
MTA 693107 648.05 274inq 469 1.  68.0.ns 872115  894i0s  T17i10 94008 4ddioe 690,15 | 666415
Dirichlet 7924126 7574132 282435 47.2 1. 68226 88.1122 875 16 712405 88.8 4.4 503468 69.0415 68.513.3
ZLaP 145 500 13.0-495 84 165 366117 237 419 319 510 570321 224 483 524 408 13.0-305 292 353 | 27.5 378
Very Low GDA-CLIP | 205 461 198 427 103144 399 g4 282 374 514345 604 087 29.6.411 529 403 399 36 352323 | 353 300
(1-4) TransCLIP | 21.6 450 21.1 a1a 11,6 131 451 32 347 300 592 9267 724 167 364 313 623 300 261 174 377 295 | 389 263
ADAPT 60.8 5.5 56.0-6.5 214 33 459 5.4 59.7 5.9 814 45 84.7 4.4 66.8_3.9 90.4 55 392 43 61.4 5, 60.7 4.5
StatA 729,65  660:35 293,10 568485 7621106 90344  955.64 116160 930 02 460 2 702.07 | 7045,
MOON 8281162 7724147 320473 53.745.4 78.6413.0 9641105 96.046.9 117470 94917 5564121 757482 74.6.0.4
Dirichlet | 80.11155 7805155 281151 435 25  715:50 923404  927:50 74740 930 02 489:5: 709:34 | 703.5,
ZLaP 19.1 475 19.0-435 120127 46419 279 3577 435 424 66.6-225 313 304 608 304 224 011 387 255 | 352 300
Low GDA-CLIP | 18.6_450 194_435:1 12612, 50.342.0 252 404 497 362 604 257 331376 552 350 284 150 372 303 | 355 2038
(2-10) TransCLIP | 203 463 224 401 143 104 539.556 308-345 55.6-303 694 197 409 295 64.6-256 31.6-11.9 409-256 | 404 245
ADAPT 653 13 60.7 1.8 235 12 51.5:32 62.3 33 845 1.4 875 16 68.8 1.9 91.0 22 418 1.7 63.8 3.7 63.7_ 15
StatA 728462 66944 277130 51.3.350 73.5:79 89.5156 93.71456 76.65.9 93.610.4 46954 69.6..51 69.31 41
MOON 83841172 7804155 29.8451 48.3 10 7674111 955496 94.6.5.5 773+16.6 95.3.51 50.947.4 74267 731479
Dirichlet 7774110 72941104 261414 38.6_9.7 71.646.0 90.814.9 884 07 Tl540s 937105 429 0.6 67.8:03 | 675122
ZLaP 29.0-37.6  279-346 16.5 5.2 49.0,0.7 36.0-296 591 265 764 127 429 975 720212 320115 503472 | 447 2056
Medium GDA-CLIP | 192 474 214 41, 158 59 56.2:79 274 382 529 330 687 204 40.1-306 592 310 35283 437 235 | 40.0-253
(5-25) TransCLIP | 15.5 511 228-307 17077  582.99  329.3527 563.206 726165 450-257 65.6.276 37560 465 210 | 427 205
ADAPT 66.8.0.2 61.7 o5 250403 528445 65.4 0.2 859100 88.7 0.4 69.7 1.0 922 10 435500 66.7 0.5 65.310.1
StatA 707041 653108 260415 450 55  Tlliss 88255 908.17 737150  939:i0r 475,40 69.1i1q | 674400
MOON 79.5412.9 72.64101  26.0113 429 5.4 73.645.0 92.5416.6 90.7+1.6 74457 94.6:1.4 447110 715440 694,41
(b) Setting where the batch size is 1,000: Medium (5-25 K.g), High (25-50), and Very High (50-100).
) e & >
>° S & %é 'e&c & & c)“\Q N
&5 S & S & S © & N N4 &
Kai Method « B ¥ < & <° <7 < S 9 N Avg.
CLIP 66.6 62.5 24.7 483 65.6 85.9 89.1 70.7 93.2 435 67.5 652
MTA 69.3,5.7 648,035 274,07 469 1.4 68.012.4 872113 89403 717410 940,05 444,09 69.011.5 66.6.1.3
Dirichlet 609 57 7544120 267,20 388 95 741 8.5 762 9.7 91.041.9 71.640.9 924 o5 36.2 7.3 654 5 64.4 (5
ZLaP 16.6-50.0 20.1-424 164_s55 49.040.7 322 334 555 304 764 127 406301 677 255 342 95 481 194 | 41.5 237
Medium GDA-CLIP | 323 343 325300 19057 6104127 395 261 681175 79695 503504 691 241 392 43 495 150 | 49.1 161
(5-25) TransCLIP | 39.9 267 427 195 22.0.27 63.13145 499 157  80.6.55 87912 587.120 791 141 429 06 550-125 | 56.5 57
ADAPT 558-10s 52897 233_14 635i552 559 97 774 55 852 39 67.1 36 89.0 4.2 43.0 05 623 52 614 39
StatA 7084 4.2 645,20 284,37 604,121 74.045.4 875116 93.144.0 77.5:6.8 92.8 0.4 47136 70.2. 0.7 69.7 4.4
MOON 81.64150 7554130 29.6149 5894106 76.1i105 93.1i72 924,53 77.316.6 949,17 49055 73.646.1 72.947.7
Dirichlet 173 403 373 252 21037 379 104 654 02 463 306 813 75 463 214 805 127 211 924 43.6 239 | 453 200
ZLaP 23.8_425 32.2_303 22225 493110 454 302 T749-110 86526 562145 797135 43.600. 608 67 | 522 130
High GDA-CLIP | 37.8 235 415 210 238 09 624,141 492 164 76.1 9.5 909415 647 60 719153 47430 61.7 55 57676
(25-50) TransCLIP | 43.9 557  49.6-129 248,01 6404157 57353 83.0 29 914423 69.1 16 855 7.7 47.540 65.4 5.1 62.0_3.3
ADAPT 60.4_¢.2 579-46 249402 6404157 60.7 4.9 82.1 38 918427 70205 90.2 3.0 46.9.3.4 67.0_05 65.1 o1
StatA 71.945.3 66439 259112 60.7112.4 73.6.5.0 88.012.1 914423 76.7 6.0 932.00  479:44 715440 | 698145
MOON 81.8. 152 7491124 255108 5931110 74.7 9.1 91.045.1 89.710.6 752445 948,16 45116 718143 T1.3.6.0
Dirichlet 108 558 157 468 17572 378105 S51.2-944 290 568 793 95 243 464 590 341 19.0-045 260 414 | 33.6 316
ZLaP 327 330 440 155 254,07 493,10 552 104 833 26 873 15 64.8 59 87.9 53 452017 67.8. 03 584 65
Very High GDA-CLIP | 41.7 249 485 140 263416 6241141 56.5 9.1 82.8 3.1 923432 731424 86.5 6.7 49257 70.5:3.0 62.7 25
(50-100) TransCLIP | 44.5_ 25 53095 256409 641155 60.9 4.7 85.2 o7 91.9425 743436 90.5 5.7 481146 70.7 152 64.4 5
ADAPT 64.7 1.0 619 06 258411 64.04157 64.9 (.7 855 0.4 92,6435 732.05 925 o7 48.0. 45 703108 67.612.3
StatA T80  6T0pa6 239 05 607414 702i46  870i1s  9lino  TA3ise 937105 480,45  707i5. | 69.0.57
MOON 804 155 719104 234 15 593.1.0 707i51 878,19 893i0n 723.16  933.01 443,05 689,14 | 69.2..0

cluding both visual and textual encoding, dominates the
total computational cost. Considering the net runtime of
methods, our MOON highlights its exceptional efficiency. De-
spite requiring iterative optimization, MOON is still twice as
fast as the single-pass ADAPT. Moreover, this efficiency ad-
vantage becomes increasingly pronounced as the batch size
grows. This empirically validates a significant advantage
of vMF mixtures that has been largely overlooked in prior
works. We further provide a complexity analysis in App. A.

Convergence. Fig. 3 illustrates the convergence curves
of four transductive methods on ImageNet and DTD. We
find that our MOON converges rapidly within just a few it-
erations, maintaining stable and consistent improvements.
In contrast, methods without anchoring mechanism (e.g.,
TransCLIP) tend to deviate from global, reliable estimates
as the iteration proceeds, leading to collapse. Notably, even

a single iteration could yield competitive performance.

5.3. Ablation Studies

Components. We study the effect of key components in
Tab. 4. Obviously, iteratively updating parameters (u, &)
improves performance, as it allows the class-conditional
distributions to progressively adapt to the underlying la-
tent structure of data. By dynamically adjusting shrinkage
strength, our cx robustly mitigates negative transfer from out-
lier classes, and its benefit scales up as the scenario becomes
more imbalanced. Surprisingly, the effect of +y is marginal
when batch size is small. A possible explanation is that the
estimation error is dominated by high statistical variance
and class sparsity in small batches; whereas in large batches,
sufficient dense samples provide enough stable statistics for
~ to filter out noise. Overall, simply incorporating zero-shot
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Table 2. Main results for online adaptation, averaged over 100 runs. The best and second-best results are marked in bold and underlined,
respectively. We report four scenarios for batch size 128, with different Dirichlet parameter £. Separate denotes sequential classes.
Subscript green indicates improvement, red indicates decline, and gray indicates no change compared with zero-shot performance.

& \2 >
> & & & %é ke‘bo S é%\u é‘\Q &
) % S & < S & 5 & N L &

Scenario  Method | < S v < & <° <7 < (4 < N Avg.

CLIP 66.6 62.5 24.7 48.3 65.6 85.9 89.1 70.7 93.2 435 67.5 65.2
MTA 693,07 648,55 274,07 469, 68.012 4 872,15 894,03 T1.7.10 940,08 444,009 69.0,15 | 6663
TENT | 66.6.00 645.00 246 01 518,55 657.0. 859 893,00 70.6_01 9340 440,05 67.8.05 | 65806
TDA 683117 66.0.355 254,07 60.641235 669;135 861,05 896,05 725.15 934,00 455,50 T1.0435 | 677,55
Low DMN 680,14 648.23 249,05 598,115 670414 84217 899,05 733.06 922, 448,13 70325 | 672,59
€=01) OCA | 688122 661 249.0: 618115 662105 862,05 902011 720i1s  9Bdion 449,14 694410 | 6160,
ADAPT | 692,55 654,09 244 05 519,55 676400 774 .55 88505 729.0 924 o5 452.,7 699,54 | 659,07
StatA | 662 04 63.6.11 24304 523410 674i1s  88.0.01 925,54 7T27i00 942.10 468,55 68.8.15 | 67.0.1 7
MOON | 67.0.04 635.10 232.15 S50.0.iis 66500 O912.55 O916.os 7Tldio; 940.0x 453, s 682.07 | 665.14
TENT | 667,01 643.15 246 01 479 04 656:00 859.00 89dr0s 706_01 933.0:1 440.05 67.8.05 | 65500
TDA 682,16 65.6.31 252,05 56.5:52 66.5.0.9 858 01 893402 726019 935,03 452,17 701456 | 671419
Medium DMN 680,14 648,03 249,05 562,79 668,15 81940 89.0_¢1 73.0.23 920111 449,14 696,51 | 665,15
€—001) OCA | 686.20 654100 249.00 5861105 662:06 859:00 898i0r T22i15 DBdion HM8is 691 | 67200
ADAPT | 693,57 672447 24601 585102 686430 839 90 902411 732405 925 07 453118 713435 | 67.7.05
StatA | 69.6:50 659.54 273.s5 523410 132476 89.0iss 946,55 T5.6.10 94311 468,55 69.7.05 | 68.9.57
MOON | 765,00 739.114 283456 515.50 75105 953,04 948,57 757 .50 953401 500465 734,50 | L8, g6
TENT | 668102 643:15 248,01 45657 656.00 860,00 894105 705 02 934,00 440,05 679104 | 653501
TDA | 679415 65.1.0g 25104 553.70 663107 855.04 89.0.01 725.1s 936.04 45041 69709 | 668:10
High DMN 679,13 648,23 249,05 563,390 66812 799 60 889_po 729.50 92011, 448,13 694,90 | 663,10
(=000 OGA 679,15 646.01 249,00 5904107 662106 85.6.05 897400 T22.15 93.5.05 44Ti1s  68.9.14 | 67041k
ADAPT | 686100 665110 246.01 554571 680.04 81345 891.00 730408 925 07 453115 703.05 | 66815
StatA | 719,55  660.55 279.55 518,55 147,01 893,54 948.57 T64inc  Oddiis 470,55 698,05 | 69.5.4,
MOON | 822.155 7724107 300,54 516.s4 7Tdiiis 958.00 953.50 710.55 957i05 512470 74671 | T3diss
TENT | 66.7.0: 642.17 247.00 370_115 656:00 86.1.00 893,00 708.01 9340 439,04 67.9.04 | 645 07
TDA | 674,05 646001 249,05 553.70 659,03 852.0- 889_0» 723.1 93.6404 450515 69.6.51 | 66.6414
DMN 67.7111 647,55 249.0> 551463 66.7 1.1 78574 88.0-11 728,01 919_.,3 448,353 6905 | 658, 06
Separate OGA 67206 641,16 249,02 580497 66.1 05 854 05 895,04 7201414 9340 446411 687,15 | 667,15
ADAPT | 682,15 657.55 250,05 537454 6T4i1s 78277 882 09 724.17 925 0. 448,15 69550 | 660,07
StatA 1751 649,54 2894 482 4, 752496 889430 952461 77669 943111 4584535 69.0.15 | 69.1:55
MOON | 8244158 7674100 321i74 512459 7784190 955.06 95.01.so 779.i7s 959.07 5361101 T46i71 | T39.es

Table 3. Runtime (seconds) on ImageNet. The second row
indicates the number of iterations. “CLIP forward” denotes the
inference latency, while others report the net algorithm time.

Batch size | CLIP forward TransCLIP StatA ADAPT MOON
10 10 1 10

128 8.47 0.08 0.11 0.06 0.03

1,000 8.99 0.24 0.31 0.13 0.03

50,000 36.90 0.47 0.59 0.21 0.05

Table 4. Ablation study on components. Each reported perfor-
mance is averaged over all datasets and scenarios.

o ~ Update p Update ‘ Bs=64 Bs=1,000
X v v v 69.0 68.9
v X v v 723 70.4
v / X v 66.8 66.5
v 7/ v X 70.8 68.9
v / v v 72.4 71.1

priors for adjustments enables more fine-grained shrinkage
in realistic scenarios, with negligible additional cost.

Design choices of o and A. We first analyze the design
of the anchor weight oy, in Eq. (10). As shown in Tab. 5,
directly setting a, = Ay performs poorly, since it assigns
stronger shrinkage to more confident classes. We also com-
pare an alternative form ay, = exp(—>\g), but find it less
effective. A possible reason is that it bounds «y in (0, 1],
and in turn bounds By, within [ny/(ny + 1), 1), making the

Table 5. Design choices of ox. Results are reported on batch adap-
tation, Medium scenario, batch size of 1,000. ’Average” denotes
the mean performance over all datasets.

ag 1/Ag (ours) A exp(—Ag)
ImageNet 81.6 68.5 71.1
Average 72.9 67.6 68.8

update remain noticeably influenced by empirical estimates.
These results further support our inverse design ay, = 1/A.

We then examine the design of class confidence Ay in Tab. 6,
using three representative tasks from both extreme and mild
imbalance scenarios. Average-only confidence may sup-
press rare-but-valid classes, while max-only confidence may
overestimate classes with occasional high-confidence pre-
dictions. Various types of means mitigate this issue similarly.
We choose geometric mean as it yields a more generalizable
solution across broader scenarios, especially those mild,
near-uniform cases where MOON performs below average.

5.4. Further Analysis

Comparisons with variants. Although vMF distribution
is topologically native to the hypersphere of normalized
VLM embeddings, Tab. 7 shows that replacing the GMM
in StatA with a vMF mixture unexpectedly underperforms
standard StatA. We explain this with the linear representa-
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Table 6. Design choices of \;, across extreme and mild imbalance
scenarios. Each reported performance is averaged over all datasets.

Ak Task 1 Task2 Task3 Avg.

Extreme imbalance
Geo. mean (ours)  73.1 72.9 734  73.1

Ari. mean 73.5 74.2 74.1 73.9
Harm. mean 73.4 73.5 73.8 73.6
Average only 72.4 73.3 739 732
Max only 71.7 70.8 716 714
Mild imbalance

Geo. mean (ours)  69.4 69.2 66.5 68.4
Ari. mean 69.0 68.6 65.7 67.8
Harm. mean 69.3 69.0 66.1 68.1
Average only 68.2 67.1 66.7 673
Max only 69.0 68.9 66.9  68.3

Table 7. Comparisons with variants. Each reported performance
is averaged over all datasets and scenarios.

Method ‘ Batch Online

| Bs=64 Bs=1,000 Bs=128
StatA 69.01 69.46 68.61
StatA_vMF 68.69 68.15 68.31
MOON _Gaussian | 71.49 71.07 71.23
MOON 72.36 71.14 71.42

tion hypothesis (Park et al., 2023), which suggests that VLM
representations reside in low-dimensional linear subspaces
and exhibit strong anisotropy. Consequently, constrained
by isotropic scalar x, vMF struggles to capture such man-
ifold geometry, while Gaussian covariance implicitly ap-
proximates it in Euclidean space. However, in MOON, this
limitation is largely alleviated with our dynamic shrinkage
strength modeling: MOON achieves comparable performance
to its Gaussian variant with much higher efficiency.

Extend MOON to sample-wise. While online TTA meth-
ods usually assume access to only a single image at each
step*, vanilla MOON does not support sample-wise mode, as
transductive learning inherently requires a batch of samples
to perform probabilistic soft clustering. However, MOON
can be easily extended to a sample-wise online mode by
introducing a memory bank to collect historical samples, as
what recent work (Zhang et al., 2025) has done.

Formally, assume a memory bank B = (f;,Zz;), where
f; € 8?1 is cached historical feature, and z; € AKX
is the corresponding soft label. Consider a newly ar-
riving sample with normalized feature f, and zero-shot
prediction y,. Assume that current mixture parameters
Mg = {(uB, kB)}E | have already been estimated from

*For consistency, we assume a batch-wise access of test sam-
ples for all methods in this paper.

Table 8. Extend MOON to sample-wise. Results are reported on
online adaptation, Medium scenario, batch size of 128.

Method ImageNet SUN397 Foodl0l DTD
CLIP 66.6 62.5 85.9 435
StatA 69.6 65.9 89.1 46.8
MOON 76.5 73.9 95.3 50.0
MOONT 73.0 69.5 924 441

Table 9. Scaling to other CLIP backbones and VLMs.

| #Params | ImageNet | Average

| | Zero-shot Ours | Zero-shot Ours
CLIP RN50 102M | 582 768 i1so | 587 657 110
CLIP RN101 120M 61.3 77.1 1158 59.5 64.8 153
CLIPVIT-B/32 | 15IM | 620 785,105 | 619 680 01
CLIP ViT-L/14 428M 73.5 84.9 114 72.6 774 148
OpenCLIP I50M | 730 834.104 | 725 767 140
SigLIP 878M 823 913,00 | 818  851.5,
EVA-CLIP 1.14B 780 812450 | 765 78441

available data in B. Therefore, the PLE objective becomes’:

. T B T .
Z*IreuAnK -z, logp, — ;w*j7z* z; + KL(z.||y«). (16)

Solving the problem yields the closed-form predictor:

¥+ O exp(log Py + 3 ¢ 5 wsi%;)
(¥+ ©exp(log p? + >, cpweiZi)) T1ic

an

Z, =

Hence, MOON can make an immediate prediction for a newly
arriving sample without rerunning full-batch transduction.

At the same time, using bank statistics, the mixture parame-
ters continue to be stabilized by the KL-anchored dynamic
shrinkage mechanism. Specifically, the parameter update
keeps the same anchored form as Eq. (14):

= Lok + (1= B0
k — )

I1BEvE + (1= B2 )l (18)
Aa(rg) = 1BEvR + (1= B,

2 jen VikZik and ﬁk T X jenYikZietog”
According to this, we establish a sample-wise version
MOON' in Tab. 8. As shown, MOONT could still achieve
excellent performance. In practice, cold-starting the mem-
ory bank B with a held-out set may lead to better results.

where vf =

More backbones and architectures. We further extend
our evaluation to include 4 additional CLIP backbones and
3 other VLMs in Tab. 9, which demonstrate the universal ef-
fectiveness of our MOON across diverse model architectures,
scales, and types. App. 1.2 and 1.3 provide more details.

>Note that the KL anchor term R (IM) now becomes constant
with respect to new assignment z,.



Von Mises-Fisher Mixture Model with Dynamic Shrinkage for Realistic Test-Time Transduction

6. Conclusion

In this work, we systematically revisit test-time transduc-
tion for VLMs under realistic class imbalance from the
perspective of PLE, and reveal the brittleness and underly-
ing limitations of existing transductive methods. Therefore,
we propose MOON, which is based on a mixture of vMF
distributions and dynamically adjusts shrinkage strength
at both the instance and class levels to mitigate negative
transfer. Extensive experiments validate that MOON achieves
effective, efficient and practical adaptation.
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This work advances test-time adaptation for vision-language
models by addressing realistic class imbalance and distribu-
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Fisher distributions with dynamic, data-driven shrinkage to
suppress unreliable predictions and mitigate negative trans-
fer. We provide theoretical grounding through penalized
likelihood estimation, and demonstrate empirical effective-
ness and efficiency across multiple datasets and backbones.
By enabling robust and efficient adaptation, our method
improves the reliability of deployed vision-language sys-
tems in practical applications such as image classification,
retrieval, and zero-shot reasoning, without requiring access
to model weights or additional training data.
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A. Overall Procedure of MOON

The overall procedure of our proposed MOON is presented in Alg. 1. The BSUM-style iterative optimization of MOON
can be conceptualized as a generalized Expectation-Maximization (EM) algorithm: fixing parameters (u,,, ki) to update
assignments z corresponds to the E-step, while fixing z and updating (g, %) corresponds to the M-step.

Algorithm 1 Overall procedure of MOON

Require: Visual feature embeddings {f;}}¥ |, f; € S 1, textual class embeddings {t; }X_,, t; € S?~!; Fixed hyperpa-
rameters (no need for tuning): VLM temperature 7, Number of neighbors in Laplacian term m, Iterations 7T'.

Ensure: Latent label assignments as final predictions z € [0, 1]V* X,
# Initialization .
1: Compute zero-shot logits § = {y: x 11, Vix = %; initialize assignments z < ¥. > See Eq. (1)
j i Ui
2: Initialize vMF parameters g1 = {p,, } X, and k = {k }5_,; prior anchors p’ and &/. > See Eq. (7)

f1f;, if f; is the m- t neighb f f;
3: Build a m-NN affinity graph W = [w; ;] € RV*N, where w; ; = 7’ 1% 15 the m-hiearest Relghbors ot &

0, otherwise
4: Compute class-level adjustment weights ¢ = {cy, }5_, with confidence A = {\;}H< . > See Eq. (10) and (11)
5: Initialize instance-level adjustment weights v = {y; }}¥ ;. > See Eq. (9)
# BSUM-style iterative optimization
6: fort=1toT do
# Block update with respect to assignments z
7. Compute VMF log-likelihood scores: logp;’},\fp < ki py £ + log Cy(kg). > See Eq. (6)
. . . . £ v Oexp(log p™MF w7

8:  Update z by single-pass linear approximation: ZEH_U = (&iéei)p (112 (g pg;; +;§Uz§t>;)r)l P > See Eq. (12)
9:  Update instance-level adjustment weights: v, = 1 — ﬁgK)

# Compute shrinkage strengths
. ; — K . N
10:  Compute shrinkage strengths 3 = {fr},/_1: e < D iy Vi Ziks  Br < "LI:ICO%.
(In practice, we use hard label counts for stability: ny, =), v; [[argmax; z; ; = kl.)
# Block update with respect to distribution parameters (., k)
> i zik b
D viZik

12:  Update p and A, (k) by closed-form anchor shrinkage: p, = %, Aa(rr) = IBrvr + (1 = Br)pll, >

11:  Compute empirical estimates from standard MLE: v <

See Eq. (14)
13:  Inversely estimate « using Banerjee approximation: rj, = A} ' (k). > See Eq. (15)
14: end for

15: return z.

In implementation, we modify the shrinkage strength ;. by replacing the soft assignment predictions with hard ones on the
vertices of the probability simplex Ay following StatA (Zanella et al., 2025), which is:

N
By~ > ieq L[k = argmax,. v; k2 r)
Zi\[:l 1 [k = argmax, v; k2ir] +

19)

This design has been proven to be more robust in practice, with experimental results shown in App. J.

Complexity analysis. We provide a theoretical complexity analysis of our vMF-based MOON and Gaussian-based state-
of-the-art method StatA, further demonstrating the significant efficiency advantage of vMF mixtures that has been largely
overlooked in prior works. Formally, let N, K, d denote the number of samples, classes, and feature dimensions, respectively.
Let m be the number of neighbors and 7" the number of iterations.

(1) Graph construction: Both methods share the initial cost of constructing the affinity graph. This requires O(N?2d) for
dense similarity computation, which dominates the pre-processing cost.

(2) Per-iteration cost: For MOON, each iteration is dominated by two parts: (i) likelihood computation and parameter
aggregation, which scales with O(NKd); and (ii) sparse graph smoothing, which scales with O(NmK). Thus, the

13
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per-iteration complexity is O(N K (d 4+ m)). In contrast, StatA incurs higher costs due to two factors: (i) it performs Lg
inner loops for assignment updates (typically Ls = 5), inflating the smoothing cost to O(LgNmK); and (ii) its parameter
update involves computing per-class covariance matrices, adding an O(Kd?) term.

(3) Total cost: Excluding the shared graph construction, the total asymptotic complexities are:
Owoon ®T-NK(d+m) vs. Osgn =T - (NKd+ LeNmK + Kd?). (20)

MOON achieves superior efficiency by avoiding the quadratic complexity O(d?) in parameter updates and eliminating the
need for inner assignment loops.

Convergence guarantee of optimization algorithm. Our algorithm can be analyzed within the standard BSUM framework.
Let £(z,0) denote the objective and © = {uy, ki }i_,. Given that: (1) Affinity matrix W is PSD; (2) Anchor weights o,
and ; > 0; (3) Fixing z, the parameter subproblem in © has a unique minimizer.

Then each outer iteration of our algorithm is a valid BSUM step:

 z-update: The only non-convex part is the Laplacian term. Since W is PSD, this term is concave and can be upper-
bounded by its first-order Taylor expansion at the current iteration (proofs in App. G.1). Minimizing this tight surrogate
yields Eq. (12), i.e., the update is an exact minimizer of the majorized subproblem.

¢ O update: Fixing z, our objective is strictly convex, and Eqgs. (13)-(14) are the corresponding closed-form exact
updates. This step further decreases the objective.

Therefore, each outer iteration satisfies
Lz, 00Dy < £z 0®), 21)

Since L, is lower-bounded, the objective sequence is monotonically non-increasing and thus convergent. And, every
limit point of the iterate sequence is a coordinate-wise minimum. And, as BSUM doe not require solving subproblems to
full convergence at each outer iteration, single-pass z-update preserves convergence guarantee.

B. Revisiting StatA

StatA (Zanella et al., 2025) first discuss transduction under the realistic class imbalanced scenarios at test-time. Unlike
our MOON which operates on the unit hypersphere, StatA assumes that the visual feature representations {f; }_; follow a
Gaussian Mixture Model (GMM) in the Euclidean space. To handle performance degradation, it introduces a KL-divergence-
based regularization term acting as a statistical anchor. The optimization objective is to minimize the PLE objective penalized
by the deviation from zero-shot prior anchors leveraged from text { N (p},, 37}

Lsian(2,0) = Zz log N'(filper, k) +R(z +aZKL (B SO IN (b, Z))

1=1

negative log-likelihood (NLL) statistical anchor

(22)
where R(z ZWZJZL Z; +ZKL zi||3i) -

Laplacian reg. text supervision

where 0 = {1, ¥}, are the mixture parameters, and o > 0 is a hyperparameter as anchor term weight. The anchor

. . . . e . . Ai fri* o fri* . T
distribution is initialized as: pj, = t and ¥’ = Diag (Z"’k Y ’k(Zi ;:;IZ ): i) )

The algorithm is performed via BSUM-style iterative optimization, which alternates between assignments z block and
distribution parameters 6 block:

14
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» Assignment update: Fixing 0, the assignments z; ; are updated based on the Gaussian likelihoods p;j o

\/‘127“ exp (—3(f; — ) S H(E - py)), similar rule as Eq. (12).

* Parameter update: Fixing z, the parameters are updated in closed form. Crucially, the update for the mean p;, and
covariance X, exhibits an anchor shrinkage behavior:

e = Bevi + (1= By, k= BiTr + (1 — Bi) (X + Diag((pf, — p1,)%)), (23)

with empirical estimates as:

N N .
. 21:1 zi k£ . o 21:1 Zi,k’Dlag((fi - ”k)z)
v = =———: Tp= .

ng . _ 2.; l[k=argmax, z; r]
ng+a Y, 1[k=argmax, z;,r]to

(24)

Here, n = ), z;  is the soft count, and f = € [0, 1] denotes the shrinkage

strength.

Limitations. As shown in Eq. (23), the shrinkage strength /31, controlled by soft count 75, and anchor weight «, balances the
trade-off between empirical estimate vy, and the prior anchor ). However, anchor weight « is a fixed scalar hyperparameter
shared across all classes and samples. This implies a static shrinkage strength modeling that ignores the varying reliability of
different classes (e.g., outliers vs. effective classes) or instances, rendering StatA suboptimal in both accuracy and robustness
under realistic class imbalance, as discussed in Sec. 1.

C. Experimental Details
C.1. Datasets

We evaluate our proposed MOON and other baselines on 11 widely-used public datasets for fine-grained visual classification.
These datasets cover a diverse range of domains, including generic objects, scenes, textures, satellite imagery, and specific
fine-grained categories. Specifically, the benchmark includes: ImageNet (Deng et al., 2009), SUN397 (Xiao et al., 2010),
Aircraft (Maji et al., 2013), EuroSAT (Helber et al., 2019), StanfordCars (Krause et al., 2013), Food101 (Bossard et al.,
2014), Pets (Parkhi et al., 2012), Flowers102 (Nilsback & Zisserman, 2008), Caltech101 (Fei-Fei et al., 2004), DTD (Cimpoi
et al., 2014), and UCF101 (Soomro et al., 2012). Detailed statistics for these datasets are provided in Tab. 10.

C.2. Baselines

‘We compare our MOON against a comprehensive set of baselines, which are categorized into: (1) Transductive methods: EM-
Dirichlet (Dirichlet) (Martin et al., 2024), ZLaP (Kalantidis et al., 2024), GDA-CLIP (Wang et al., 2024), TransCLIP (Zanella
et al., 2024), ADAPT (Zhang et al., 2025), and StatA (Zanella et al., 2025)%; (2) Online TTA methods: TENT (Wang
et al., 2020), TDA (Karmanov et al., 2024), DMN (Zhang et al., 2024b), and OGA (Fuchs et al., 2025). We also incorporate
another TTA method MTA (Zanella & Ben Ayed, 2024) that requires per-image augmentation.

The details and experimental configurations of these baselines are listed as below:

e ZLaP (CVPR’24): introduces a non-parametric framework that leverages the graph structure of unlabeled data via
label propagation, utilizing geodesic distances on the data manifold to address the modality gap in VLMs. The number
of nearest neighbors m is set to 5, scale parameter of RBF kernel function v is set to 5.0, and the clamping factor « is
fixed at 0.3. We don’t specifically scale the similarity matrix.

* EM-Dirichlet (CVPR’24): frames transduction on the unit simplex by modeling class-conditional feature distributions
with a Dirichlet law, solving the MLE problem via a hyperparameter-free Block Majorization-Minimization algorithm.
The temperature 7" in the probabilities is fixed to 30.

* GDA-CLIP (ICLR’24): applies Gaussian Discriminant Analysis (GDA) by assuming a shared covariance matrix
for class features, estimating parameters via closed-form solutions and ensembling them with zero-shot logits. The
ensemble weight is set to « by default.

8Since StatA and ADAPT are also evaluated under online settings, we provide their corresponding results in the main manuscript.
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L]

C.J3.

TransCLIP (NeurIPS’24): formulates adaptation as a regularized MLE with a text-guided KL-divergence penalty,
employing an iterative optimization procedure that decouples sample assignments and parameter updates. Here,
text-guided KL divergence penalty ) is set to 1, and the number of nearest neighbors m is set to 3.

ADAPT (NeurIPS’25): presents a backpropagation-free method that reframes adaptation as Gaussian probabilistic
inference with closed-form updates, utilizing a knowledge bank to efficiently support online and transductive settings.
We set the bank size L to 12, and the momentum coefficient for parameter update « to 0.9.

StatA (CVPR’25): addresses realistic scenarios with variable effective classes by employing a statistical anchor
regularization within a Gaussian Mixture Model (GMM) to dynamically constrain features near text-derived priors.
The anchor term weight « is set to 1, with the number of nearest neighbors m set to 3. We use hard ), by default.

TENT (ICLR’21): adapts the model by minimizing the Shannon entropy of predictions on target data, specifically
updating the affine parameters of Batch Normalization layers to align internal statistics online. We set the learning rate
to le-3, and perform 5 adaptation steps for each batch.

TDA (CVPR’24): utilizes a lightweight key-value cache system with entropy-based filtering and introduces a negative
cache mechanism to explicitly penalize unlikely classes using negative pseudo-labeling. All the configuration is kept
the same as those set in the original paper on ImageNet.

DMN (CVPR’24): integrates a static memory for pre-trained knowledge and a dynamic memory for historical
test features, employing a cross-attention strategy to refine decision boundaries based on temporal context. All the
configuration is kept the same as those set in the original paper on ImageNet.

OGA (CVPRW’25): reframes online adaptation as a Maximum A Posteriori (MAP) estimation problem using
multivariate Gaussian distributions and zero-shot priors to calibrate predictions without gradient backpropagation. THe
memory update threshold 7 is set to 0.01, with cache memory capacity set to 8.

MTA (CVPR’24): proposes a training-free strategy that leverages MeanShift on augmented views to identify dis-

tribution modes, jointly optimizing a learnable inlierness score to robustly aggregate visual information. All the
configuration is kept the same as those set in the original paper on ImageNet.

Prompts

Following (Zhang et al., 2022), we adopt default, fixed prompt templates to initialize text embeddings for all methods, as
illustrated in Tab. 10.

C4.

Table 10. Dataset information and prompt templates.

Name Other name #K #N Description Prompt template
SUN397 SUN397 397 19,850 Scenes classification "a photo of a [ ]."
Aircraft FGVCAircraft 100 3,333 Aircraft classification "a photo of a [ ], a type of aircraft."
EuroSAT EuroSAT 10 8,100  Satellite images classification "a centered satellite photo of [ ]."
StanfordCars Cars 196 8,041 Cars classification "a photo of a [ ]."

Food101 Food101 101 30,300 Food classification "a photo of [ ], a type of food."
Pets OxfordPets 37 3,669 Pets classification "a photo of [ ], a type of pet."
Flowers102  OxfordFlowers 102 2,463 Flowers classification "a photo of a [ ], a type of flower."

Caltech101 Caltech101 101 2,465 Objects classification "a photo of a [ ]."
DTD DTD 47 1,692 Textures classification "[ ] texture."
UCF101 UCF101 101 3,783 Actions classification "a photo of a person doing [ ]."
ImageNet ImageNet-1K 1000 50,000 Objects classification "a photo of a [ ]."

Data Sampler

In this section, we describe the sampling strategies for constructing realistic test-time scenarios, following the protocols in
StatA (Zanella et al., 2025).
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Batch adaptation. To simulate realistic class sparsity where the label distribution within a batch is partial, we construct
test batches with a limited number of effective classes. Specifically, given a batch size B and a total of K classes, we first
determine the number of effective classes K. s ¢, which is either fixed or uniformly sampled from [K g}‘}ﬂ K7¥¥]. We then
randomly select a subset of classes Cypqicn With size K.y and aggregate all their corresponding samples. The ﬁnal test batch
is formed by randomly sampling B instances without replacement from this restricted pool, ensuring that the batch contains
only a fraction of the total categories.

Online adaptation. We generate non-i.i.d. data streams using a Dirichlet-based framework to evaluate robustness against
temporal correlation (Yuan et al., 2023). The data stream is divided into slots, where the allocation of each class across slots
follows a Dirichlet distribution Dir( - 1). The scalar £ controls the correlation intensity: large values approximate an i.i.d.
stream, while small values concentrate classes into fewer slots to create high temporal correlation. Additionally, we consider
a separate sequential setting (simulating & — 0), where classes are randomly permuted and all samples from a class appear
contiguously before transitioning to the next, representing the most extreme temporal correlation.

C.5. Implementation Details

Unless otherwise specified, we employ CLIP ViT-B/16 as the default backbone and evaluate performance using the Top-1
accuracy. Consistent with our black-box assumption, we utilize a fixed set of hyperparameters across all experiments without
per-task tuning: we set the nearest neighbors m = 3 and the number of iterations to 10, while inheriting the temperature
parameter 7 directly from pre-trained VLM. For stability and robustness, we employ hard assignments for the shrinkage
strength ), and dynamically update the instance-level weights -; at each iteration. All experiments are conducted on a
single NVIDIA RTX 4090 24GB GPU. To ensure statistical reliability given the stochastic data sampling, all reported results
represent the average of 1,000 independent runs for batch adaptation and 100 runs for online adaptation, initialized with a
fixed random seed of 1.

D. Generality of KL-Anchored PLE for Exponential Families

In this section, we provide a formal proof that KL-based distribution anchor in the penalized likelihood estimation (PLE)
formulation, i.e., R(M) in Eq. (2), yields an adaptive shrinkage behavior that enables convex combination update in the
mean-parameter space for any (regular) exponential-family class-conditional mixture model.

D.1. Problem Setup

Consider a K-class latent-variable mixture model with unlabeled samples {x;}¥ ; and soft assignments z; ; € [0, 1]

satisfying Z w—1%ik = 1. Foreach class k € {1,..., K}, assume the class-conditional density function belongs to a
regular minimal exponential family:

p(z | n) = h(z)exp(n  T(z) — A(n)), (25)

where 7 is the natural parameter, T'(x) is the sufficient statistic, and A(n) is the log-partition function. For a regular
minimal exponential family, A(n) is strictly convex and the mapping V A is one-to-one, relating natural parameters to mean
parameters = E,[T(X)] = VA(n).

Given soft assignments, define the class-wise soft counts and soft sufficient-statistic sums:
N N
ng = Zzi,m Sk = Zzi,k T (). (26)
— —

Let gx(z) = p(x | n;,) denote a fixed anchor distribution for class k. Conditioned on {z; 1.}, the M-step minimizes the
following KL-anchored PLE objective over {n;, }5_;:

N K K
Lm}) ==>_ zixlogp(zi | m) + ZKL(% I p(- | nk)>7 a>0. 27)
k=1

=1 k=1
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D.2. Closed-Form KL for Exponential Families

Lemma D.1 (KL divergence within an exponential family). Ler q(-) = p(- | n) and p(-) = p(- | n) be members of the same
exponential family (25). Then

KL(p(~ [ 1) [ p(- | 17)) =A(m) —AW)— (-7, W =Ey[T(X)] = VA®). (28)
Proof. By definition,
KL(p(- [ ) 1p(- | m)) = Ey[logp(X | 1) ~ log p(X | n)]. 29)

Using (25), we have

log p(X | ') —logp(X | n) = (") 'T(X) — A(y")) — (n' T(X) — A(n)), (30)

since log h(X) cancels. Taking expectation under p(- | ') yields

KL(p(~ [n') Ip(- | 77)) = —n)"Ey[T(X)] + A(n) — A(n) 31)
=A(m) =AW —(n—n") "W, (32)
where 1/ = E,/ [T(X)] = VA(®). O

D.3. KL Anchoring Implies Convex Combination in Mean-Parameter Space

Theorem D.2 (KL-anchored M-step yields convex combination in mean space). Assume each class-conditional model
p(- | ni) belongs to a regular minimal exponential family (25). Fixing soft assignments {z; i, }, the M-step objective (27) is
strictly convex in each 1y, and admits a unique minimizer 1y Moreover, the corresponding mean parameter satisfies

_ Sk + apy,

V() = S

e = VA(n). (33)

Equivalently, for ny, > 0 with empirical mean parameter [, = Sy /ny,

Nk
ne +«

VAM;) = Brfus + (1 — Br) i, Br = € [0,1]. (34)

Proof. The objective (27) decomposes across classes: L({n;}) = Zszl Ly (n) + const, where, using log p(x | n) =
log h(z) +n"T(z) — A(n),

N N
- Z zi, logp(w; | k) = — Z zi i (log h(w) + 1y T(w;) — A(nx)) (35
=1 =1
N N
=—n Z z; 1 T(x;) + (Z zM)A(nk) + const (36)
i=1 i=1
= — S, + npA(ny) + const. 37

For the KL anchor term, apply Lemma D.1 with gx(-) = p(- | ;,) and p(- | m):

KL qn (- [m)) = Aln) = AGK) = (e =) Thkee 1ih = VAGIE). (38)

Combining (37) and (38) (and dropping constants independent of 7)), we obtain

Lalne) = =S+ neA(m) + a(Alme) = () i) + const (39)
= —(Sg + o)) "k + (ng + @) A1) + const. (40)
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Since A(n) is strictly convex for a regular minimal exponential family and ny + « > 0, it follows that L (1) is strictly
convex in 17, and thus has a unique minimizer 7.

Taking the gradient of (40) and setting it to zero yields the first-order optimality condition:
—(Sk + aup) + (ng + a)VA(ng) =0, (41)
which implies (33). When n, > 0, substituting S, = ny/fix into (33) gives (34) with 8, = ny/(ni + «) € [0, 1]. O

D.4. Corollaries for Realistic Test-Time Scenarios

Theorem D.2 immediately yields two properties that are particularly relevant to realistic test-time settings with class
imbalance and sparse effective label coverage.

Corollary D.3 (No deviation for outlier classes). If a class is entirely outlier (absent classes) in the current batch in the
sense that n;, = 0, then the optimal mean parameter satisfies

VAng) = i = VA(np). (42)
Moreover, since V A is injective for a regular minimal exponential family, it follows that

Nh = M- (43)

That is, the optimal parameter for an outlier (absent) class is exactly its anchor parameter, and will not deviate due to the
absence of evidence.

Proof. Setting nj, = 0 and Sy, = 0in (33) gives VA(n}) = p},. Injectivity of VA in a regular minimal exponential family
implies 1 = 7}, O

Corollary D.4 (Bounded deviation for rare classes). For any class with ny > 0, the deviation from the anchor in mean-
parameter space is bounded by

Nk
ne + «

IV AG) = wiell = Bellie — wie]| < (A (44)

Thus, when a class appears rarely (small ny,), its update magnitude away from the anchor is linearly shrunk by [y,.
Proof. Equation (34) implies VA(nj) — ), = Br(fu. — 1}, ). Taking norms on both sides yields (44). O

Remarks. Theorem D.2 formalizes a key mechanism behind KL-anchored PLE: regardless of the specific exponential-
family choice, the anchor regularization transforms the M-step into a strictly convex problem whose first-order condition
yields an adaptive shrinkage that enables convex combination in mean-parameter space. This property is particularly
beneficial in realistic test-time adaptation, where many classes may be missing or under-represented within a batch (e.g.,
Ko < K and ¢ — 0), and naive maximum-likelihood estimation tends to overfit to locally biased statistics.

E. Details of von Mises-Fisher Distributions

E.1. Introduction to vMF distributions

Let 2 € R? be a random vector on the unit hypersphere S?~!, i.e., ||z||» = 1. The probability density function of von
Mises-Fisher (vMF) distribution on S¢~! is defined by

p(z; p, k) = Cq(k) exp(m ,LLT(L‘), pesSt k>0, (45)

where p is the mean direction vector and « is the concentration scalar. The normalization constant is given by

il y=9 (46)

R AT N
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Gt

where I,,(-) denotes the modified Bessel function of the first kind: I, (k) = (3% ) > oo T NCETESYE I'(-) denotes Gamma
function.

In our model, given a normalized visual feature embedding f; € S?~!, we parameterize each class k by vMF parameters

Vi = (M, ki). The log-likelihood is

F

log pVM =logCy(kk) + nkugfi. 47

Numerical approximation. Taking logarithm of Eq. (46) yields
d
logCq(k) = vlogk — 5 log(27m) —log I, (k). (48)
Since I, (k) is transcendental, we adopt the large-~ asymptotic’
1
logl, (k) =~ k — 3 log(27k), (49)

which leads to

-1
logCy(k) ~ logk — Kk — log(2m). (50)
In implementation, since our assignment update Eq. (12) involves a softmax over classes; terms independent of « (e.g.,

— % log(27) for fixed d) cancel out®. Therefore, we use the simplified approximation form

-1
log Cq(k) = log k — k. (1)

E.2. Derivation of KL divergence between two multivariate vMF distributions

Consider two vMF multivariate distributions p(z) = V,(z; p,, £p) and g(x) = Vy(z; py, K4) o0 S?-1. The Kullback-
Leibler (KL) divergence is

KL(pllg) = Eznpllog p(x) —log g(z)] . (52)

Using the vMF log-density from (45), we have

Ca(k
log p(x) — log g(z) = log nglfi + phty T = Fighty T (53)
q
Taking expectation w.r.t. x ~ p yields
Ca(kp) T T

KL(p|lq) = Eznyp |log Cd(Hz) + Kplty T — Kby T (54)

Ca(kp)
=log o5+ Bapliiptty 7] = B ligpty 7] (55)

Cd(’ip)
=1 'E Kqtt, E 56
Cd(/{q) H [ ] ‘1“ [ ] ( )

A standard vMF identity states that the mean of = ~ vMF(u,,, ;) is aligned with p,,:

Ig K
Eyfo] = Adlsy) e Au(s) 2 I(()) )

"Since there are also other tighter approximations of I, ( ), such as the uniform expansion in (Govindarajan et al., 2024) and DLMF

. . co  Usg(t) _ r
(LOZler, 2003) Eq 10.41.3: Il, (VT) ~ W Z Pt n=v 1+ r2 +10g ﬁ,

8This is because softmax function is shift invariant.

using our form is usually sufficient.
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Substituting (57) into (56), and using ||f2,,[|2 = 1, we obtain

C
KL(pla) = log G+ af (A i) — g (AaCiy) 58
q
C
—log ALy Aig) (] 1) = 5 Auty) (1] ) 59
C
= log CiE:z; + kpAa(kp) — kg Aa(kp) u;—,up. (60)

In our objective in Eq. (8), the anchor term uses KL(V},||Vy) with V;, = ()., &},) (anchor) and Vi, = (py,, K1) (empirical
estimate). Applying (60) to p = V;.(p},, k},) and ¢ = Vi (., ki) gives

Ca(r)
KL(VEIV) = log A8+ k) = A 1 1)
Therefore, the anchor term R(M) is given by
K
R(M) = Z <log Ca(ry,) — logCa(kr) + ki Aa(k)) — ke Aa(k),) ugu;). (62)
k=1

When optimizing w.r.t. (@, ki), the terms depending on (s, ) reduce to

—long(nk) — Iik.Ad(li;C) /J,;[,L;C, (63)

up to constants independent of (g4, ki)

F. Derivation of the variable initialization of <

In Eq. (7), we initialize p), from the zero-shot text prototype tj, and estimate A4(x},) via a mean-squared-distance
approximation on the unit hypersphere. We provide the detailed derivation of the latter in this section.

Given p), fixed, we compute the soft, class-weighted mean squared Euclidean distance MSE, as

N N N
NP v SV A B v ST RS S o
D i1 Rk Nk i=1

On the unit hypersphere, both f; and ) are {5-normalized, i.e., ||f;||2 = ||u}.||2 = 1. Hence,
£ — pil13 = €113 + [laer |13 — 2(£7 pi) = 2(1 — cos i), (65)
where cos 0; = f,7 .. Taking the weighted average over i for class k gives

T,,/
> zik i py

MSEx = 2(1-EylfTpt]),  EilfTph] £ (66)
Therefore, .
MSE

ExlfTph) =1~ (67)

For a VMF distribution on S?~! with density p(f) = Cq(k) exp(rkpu " f), it is well-known that’

Id 2(/‘@)

E;e Tf] = s A2 68
FrvME(ur) [ f] = Aa(k) Tor(m) (68)

°For completeness, this follows from the partition function Z (k) = [14_, exp(kp’ f)df = 1/Ca(k) and the identity % log Z(k) =
E[u" f], together with the standard Bessel recursion I, (k) = I, 41(k) + 21, (k).
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where I,,(+) is the modified Bessel function of the first kind.

Combining (67) and (68), we obtain the approximation

~ MSE; _ L Sz |E— w3
2 221 Zik '

Finally, x}, is approximated as the inversion of A(xy) using Eq. (15).

Aa(ky) ~ Eif Tpp] =1 (69)

G. Derivations of the variable update
G.1. With respect to assignments z

Following the derivations from TransCLIP (Zanella et al., 2024), we derive the update for assignments z = {z;}¥.; under
the simplex constraint z; € A with our instance-level, entropy-based weight ~;. Note that this derivation is based on
the setting in Eq. (9) that ~; is computed solely from the fixed pseudo label y;. Although in actual implementation, we
dynamically update ~; with current assignment z;, we treat it more as an engineering trick.

Fixing the distribution parameters (g, k1), the z-dependent part from the objective in Eq. (8) can be written as

N
min 39— 2] log P + KL(zily:)) — Y viewis 2] 25 (70)
2€(AN inj

Since w;; = £;'f; > 0, the affinity matrix W = [w;;] € RV*¥ is positive semi-definite (PSD). This makes the Laplacian
term concave with respect to z. Therefore, we adopt a BSUM-style approximation by taking the tight linear upper bound of
z; at iteration ¢.

Constructing linear upper bound. To construct such a linear upper bound, we first rewrite the Laplacian term in a matrix
form. Let z € RVX denote the concatenation of {z;}¥ ; (stacked by samples), and G = diag(vy) € RY*¥ be the diagonal
matrix of instance-level weights ~. Then, the weighted Laplacian term can be written as

—Z%wij z;7; = —Z(GW)Z-]- 7]z, = z' ¥z, (71)
5] 2%
where
¥ = (GW) ® Ik, (72)

® denotes the Kronecker product, and I is the K x K identity matrix. For notational simplicity, we use I since each
z; € RE. This is also the standard lifting used in TransCLIP and StatA.

When W is PSD and ~ > 0, the symmetrized weight matrix % (GW + (GW)T) is also PSD'?, which implies that ¥ is
negative semi-definite (NSD). As a results, z' Wz is concave with respect to z.

For a concave quadratic function ¢(z) = z' ¥z with ¥ < 0, its first-order Taylor expansion at the current iterate z(*)
provides a tight global upper bound:

z' Oz < (z9)Twz® 1 (Vq(z(t)))T (z —zY), Vq(z) = (¥ + ¥ ")z, (73)

In particular, if ¥ is symmetric (or using its symmetric part), the gradient simplifies to V¢(z) = 2®¥z, and the bound
becomes
z' Oz < (z0)T®z® 1+ 2wz (z — 2M). (74)

This upper bound is tight in the BSUM sense, i.e., it equals the original quadratic term at z = z(*). Moreover, replacing the
quadratic coupling by (73) or (74) yields a linear surrogate that decouples across {z;} under simplex constraints, enabling
an efficient BSUM update.

1%Equivalently, one may replace GW by its symmetric part without changing the scalar form of the quadratic term, since z' Az =

T .
z' 2427 for any square matrix A.
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Therefore, by fixing the neighbors {zgt) }; and upper-bounding the bilinear term, we rewrite the Laplacian term as
_ Z Yiwsj zisz N — Z ViWij Z; zjt + const = Z YiZ; Z Wiz J + const (75)
(2]

Substituting (75) into (70), the problem becomes separable over i.

Per-sample subproblem and cancellation of ;. For each sample 7, we obtain the subproblem

(t+1) ( VMF T t))
; € i —z 1 KL(z||y:) — E i . 76
z,; argZIrrelg Y z; logp; " + KL(z||y:) — 2; Wij 2, (76)

Since 7; > 0 is a constant multiplier in (76), it does not affect the minimizer:
arg min v; g;(z;) = arg min g;(z;), (v > 0), a7
z; CAK z;, EAK

which explains why the assignment update in Eq. (12) does not explicitly depend on ;.

Closed-form update. Expanding KL(z;||y;) = >, 2ix 10g zi,x — 2,k log §; » and omitting z;-independent constants,
the effective subproblem is

min Zzzklogzlk—z,zmslk, st,zélogylk+longMF—|—ZoJijzj(-f,)€. (78)
J

ZiEAK 3

Introducing a Lagrange multiplier A; (different from the class confidence in Eq. (11)) for constraint ) °, z; r = 1, solving
the Karush-Kuhn-Tucker (KKT) conditions yields

log 2z, +1 — S(t) +A=0 = z,x exp(sgfll). (79)
Since z; € Ay, we obtain the final form after normalization
(t+1) _ exp <5£tk) ik eXp<10ngMF +2 wijzﬂ('t’)“) (80)
ik
Sy exp(sl!) ) S i eXp<10ng rt Y, wigz (t))
Expressed in vector form, Eq. (80) is given by
(®)
i ©exp(lo pZMF + Wiz
Zz(»t—H) _ Yi (log E J ) . 1)

(yl @ exp(log leF + Z wl] 7 )))T]lK
This has the same form as StatA, with log pVMF log Cq(kk) + ki py f; instantiated by our vMF likelihood in Eq. (6).

G.2. With respect to parameters p and <

In this subsection, we derive the closed-form updates for the vMF parameters {1, ki } &, by fixing the soft assignments z.
Recall that all feature vectors are £>-normalized, i.e., ||f;]|2 = 1.

Update of p1;,. We first consider the mean direction vector ;. Collecting all terms in the PLE objective Eq. (8) that
depend on p;,, we obtain

Z%Zz w(rrpg £) + alrpda(ri)ml ph), st [lpglla = 1. (82)

Minimizing this objective is equivalent to maximizing

max Kty <Z viZi i £ +(1Ad(1€;€)[1,;€> . st jpglle =1, (83)
k

%
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Let
Ry 23 viziafi, T2 ada(s))u, (84)
and define the combined resultant vector
R 2 Ry, + Ty (85)

Then, the objective in (83) reduces to maximizing u;R}f‘ under a unit-norm constraint. The optimum is achieved when p,,
aligns with R", yielding

[ = Ry i vizikfi + aAa(sg)py (86)
PR I vima ki + cAa(my ) pll,

Update of ;. Considering concentration parameter s. Similarly, when fixing g, the terms involving x in Eq. (8) can
be written as

L(rg) = —(Nj, + ) log Ca(ky) — ki (Z Yizi i fi + OzAd(KJZ)N%) ) (87)

K3

where N, = 27 v:Zi,), denotes the soft assignment count (with weights ;).

From the update of p,, in (86), the direction of p,, coincides with that of R}, and thus
p R = R (88)
Denoting R £ || RY"||2, the objective (87) becomes

E(I{k) = 7(Nk + Oé) long(nk) — Iithk?t. (89)

Taking the derivative with respect to «;, and setting it to zero yields

OL(kk) 0 0  —
e —(Ng + a)%logcd(mk) — %HkRk (90)
P _
= —(Np + a)a— log Cy(rr) — R 91)
K
= (N + a)Ag(r) — R (92)
=0, 93)
where we used the standard vMF identity % log Cq(k) = —Aq(k). Therefore, xy, satisfies
Aglip) = R 2wzt + ada(mg)mg 94)
N + « i vizig + '

Then, xj is approximated as the inverse of Ay (k) using Eq. (15).

H. Equivalence to the Adaptive Shrinkage Form for Parameter Updates

In this section, we show that the parameter updates in Eq. (13) can be written in an equivalent adaptive shrinkage form, i.e.,
Eq. (14). For class k, define

o B
N’

Ne2Y vizig,  Re2) vizifi, oy (95)

Here, we set « as a fixed scalar for simplicity.
Remark. To make the equivalence more transparent, we first present the proof under the mild simplification A4(x},) = 1,
i.e., distribution anchor provides a deterministic direction (which is intuitive and natural). The same derivation holds for

general Ay (k},) # 1 by replacing a with aAy(k},).
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With respect to p1;.. Let

VS & Ry + ap), = Z%‘Zi,kfi + apg, VoA £ By + (1 — i) (96)

Eq. (13) updates p;, by normalizing V,>'", i.e.,

ij)ul's
K “Vl;)urs”2 7
We now show that this is equivalent to normalizing V;>*A. Indeed, substituting the definitions in (95) yields
. Nk Rk «
pSatA _ R / 98
o () e+ (s ) v ©8)
Ry, ap),
= 99
N, +a Np+a«a ©9)
1
A (Ri + apy,) (100)
1
- i 101
Ni+«a k (101)

Therefore, VkSlalA and V)" are colinear and share the same direction. After normalization, we obtain the exact equivalence

VkOUIS — VkSIatA . /Bkvk + (1 - 5k)/'l’;€ (102)
IVl VM2 1Bkvr + (1= Bi)mll2’
which proves the equivalence between Eq. (13) and (14).
With respect to «;. Eq. (13) computes
”Rk + a“;cng HVISurS”Q
= = . 103
Aasr) Ny + « Ni +a (109)
According to Eq. (101), we have
1
1— / — VStatA — Vours 104
1Bewn + (1= Bpill = [Vl = || V™| (104)
1
= — ||V 105
Rk + il
= 106
Neta (106)
= Aa(kg)- (107)

Thus, the concentration update in Eq. (13) is also exactly equivalent to the form in Eq. (14).

I. Additional Experimental Results
I.1. Results with different batch sizes

To verify the robustness of MOON concerning data availability, we conduct experiments with varying batch sizes as reported
in Tab. 11. Across three different batch sizes and two realistic scenarios, our method consistently outperforms all baselines
and significantly improves upon the zero-shot CLIP initialization. This indicates the effectiveness of MOON, regardless of
whether the incoming data batch is sparse or abundant, ensuring reliable adaptation performance across different data scales.
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Table 11. Results with different batch sizes. The best and second-best results are marked in bold and underlined, respectively. Subscript
green indicates improvement, red indicates decline, and gray indicates no change compared with zero-shot performance.

(a) Batch Size: 128.

& A < Gé% N \Q’b \Q\
A R O A
- S O
Kar  Method | < o3 ¥ < ¥ < & <® P N N Avg.
CLIP | 666 62.5 24.7 483 65.6 85.9 89.1 70.7 932 435 675 | 652
Medium  StatA | 720,54  66.5.40 266,19 48201 727471  887iss 92.0u50  754isr 937.05 470442 700405 | 68.5.55
MOON 823,157 762.137 27.1.04 462 5, 757:101 938.70 921,30 759.52 948,16 471,36 72954 | 13,6,
High StatA | 694,55 649.04 23.6.17 47211 680,04 87.0.11 882.09 720,13 940,05 469,54 682,07 | 66311
MOON 764,95 69.6.7; 217 30 462 5, 686,30 889,50 864 o7 713,06 937105 402 55 67.1 g4 | 664,
(b) Batch Size: 256.
S
> & N
& A S ¢ > N N
B & & o & O & & N
o e & S & $ & o8 » 4 &
Keir Method | & S ¥ < S < S < C Q N Avg.
CLIP | 666 62.5 247 483 65.6 85.9 89.1 70.7 93.2 435 675 | 652
Medium  StatA | 720,54  66.7.40 270404 560 77 T4liss 889,30 929,55 760,535 936,04 47.0.55 70550 | 69.5.45
MOON 829 163 77-8:153 279432 494,11 766,110 94180 929,38 76.1:54 952,50 484149 737462 | 723170
High StatA | 711,45 66355 242 05 555,75 70.6.50 87.6.17 88900 73730 9410y 47.0.35 69.9.54 | 68.1.04
MOON 80.5+1;5_g 7324107 232_35 49.140s8 71.8.46.2 90.4+4_5 88.2 o9 73.1404 941,09 427 03 69.6.51 | 68.7 35
(c) Batch Size: 500.
& & N
& . S @] N N N
@é "}o’/\ {S‘\ %V* ;@‘6 &Q & q)&“ \Q\
W Na 5 S o S CEEPC) N O ¢
Keir Method | S v < S < RS < < Q N Avg.
CLIP | 666 62.5 24.7 483 65.6 85.9 89.1 70.7 93.2 435 675 | 652
Medium  StatA | 715,49 655,50 27.8131 593,110 749,05 883,04 931,40 768,61 931 o1 471,56 699,54 | 69.8,,5
MOON | 824,155 7674145 286,309 555,75 71700114 937,78 927.36 765i58 950,15 490,55 734,50 | 728,75
High StatA 721455 67345 251404 60.04117 723467 88223 903,12 755i48 938,06 472137 707,32 | 6934,
MOON 8231157 7554130 24304 558475 738482 912,53 893,02 T745:38 947115 44106 708433 | 70.6453
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Table 12. Overview of the VLMs employed in our experiments.

Model name Full name #Param Detailed #Param FLOPS (B) Resolution Pretrained
CLIP clip-resnet50 / RN50 102M 102,007,137 18.18 224x224 WIT
CLIP clip-resnet101 / RN101 120M 119,688,033 25.50 224x224 WIT
CLIP clip-vit-base-patch16 / ViT-B/16 150M 149,620,737 41.09 224x224 WIT
CLIP clip-vit-base-patch32 / ViT-B/32 151M 151,277,313 14.78 224x224 WIT
CLIP clip-vit-large-patch14 / ViT-L/14 ~ 428M 427,616,513 175.33 224x224 WIT
OpenCLIP ViT-B-16 150M 149,620,737 41.09 224x224 DataComp
SigLIP ViT-SO400M-14-SigLIP-384 878M 877,960,498 723.48 384x384 WebLI
EVA-CLIP EVAOl-g-14 1.14B 1,136,435,841 547.36 224x224 LAION

1.2. Results with other backbones

Following the discussion in Sec. 5.3, we extend our evaluation to four additional CLIP visual backbones, including
ResNet (He et al., 2016) architectures (RN50, RN101) and Vision Transformers (ViT) (Dosovitskiy et al., 2021) of varying
scales (ViT-B/32, ViT-L/14), as detailed in Tab. 13, 14 and 15. These experiments cover the full range of realistic batch
and online adaptation settings. MOON demonstrates remarkable universality, achieving the highest accuracy in nearly all
evaluated scenarios (winning in 33 out of 36 cases) with only negligible margins in the few exceptions. This consistent
superiority across diverse architectures and model capacities confirms that our vMF-based dynamic shrinkage mechanism is
a generalized solution, capable of enhancing VLM performance regardless of the specific underlying visual encoder.

1.3. Results with other VLM architectures

To validate the generalizability of our MOON beyond standard CLIP models, we evaluate three additional VLMs with diverse
architectures, parameter scales, and training procedures: OpenCLIP (151M) (Cherti et al., 2023), SigLIP (878M) (Zhai
et al., 2023), and EVA-CLIP (1.1B) (Sun et al., 2023), all implemented using the OpenCLIP codebase (Ilharco et al., 2021).
Details regarding the VLMs in our experiment is presented in Tab. 12. Experiments conducted with a batch size of 1,000
across three realistic scenarios (Tables 16, 17, and 18) reveal that MOON consistently enhances zero-shot performance and
achieves state-of-the-art results in nearly all nine settings. Notably, the relative improvements are particularly distinct for
smaller models (e.g., OpenCLIP), suggesting our method effectively compensates for weaker initial representations, while
maintaining substantial gains on challenging large-scale datasets like ImageNet and SUN397. Collectively, these findings
demonstrate the universal effectiveness of MOON across diverse model architectures, scales, and pre-training paradigms.

1.4. Results on full dataset with all classes

We further evaluate the extreme scenario where the model adapts to the full dataset containing all classes simultaneously,
representing a dense label distribution that deviates from our sparsity assumption. As shown in Tab. 19, MOON trails the
strongest baseline StatA by a marginal gap (~2%). This behavior is consistent with our analysis in the main text: our
dynamic shrinkage mechanism is inherently designed with an inductive bias to favor sparse effective class sets, which is
less optimal when the ground-truth distribution is uniform. However, unlike many specialized methods that collapse when
assumptions are violated, MOON maintains competitive high-accuracy performance without severe degradation. Considering
its significant computational efficiency, our method offers a robust trade-off, serving as a reliable solution even in scenarios
with maximal class presence.

I.5. Results on random class scenarios

To simulate a highly unpredictable deployment environment, we introduce a challenging "Random” scenario where the
number of effective classes K.y varies stochastically between 1 and min{/N, K'} for each adaptation step. This setting
effectively aggregates the characteristics of varying sparsity levels into a single dynamic evaluation, with results demonstrated
in Tab. 20. Under these volatile conditions, MOON exhibits remarkable stability, achieving performance comparable to
the state-of-the-art StatA across varying batch sizes. The fact that our method matches the strongest baseline in accuracy
while operating with significantly lower latency and a simpler optimization procedure (as detailed in Appendix A) further
underscores its practicality for handling real-world data streams with unknown and fluctuating statistics.
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Table 13. Results on four additional CLIP backbones, batch adaptation with batch size of 64. Subscript green indicates improvement,
red indicates decline, and gray indicates no change compared with zero-shot performance.

(a) ResNet-50.

> 0 S & > W &
N
o S > -&‘& & & S © 0&@ & S cﬁ\g
Kt Method | & S v < o < <° < oid N N Avg.
CLIP | 582 58.9 17.0 36.2 55.8 714 85.7 66.1 85.7 42.8 618 | 587
Very Low  StatA 682 100 637448 211441 433171 7134155 870497 931474 T41lis30 901,44 453,05 662,44 | 658,71
MOON | 79.74215 7751186 254484 41856 7481100 9491175 955i9s8 752491 922465 S44i116 T4lii2s | TLdiiar
Low StatA | 65.0.45 628450 17805 31745 67.1.115 836462 882,05 71756 89.0.35 449,50, 640,00 | 623,57
MOON | 795,015 7791100 219.40 352 10 728:1m0 929:155 940.s4 756105 91760 492,64 7T1.6i0s | 6931100
Medium  StatA | 611,00 595,06 164 05 273 s0 621,65 787,15 8ld 15 641 50 879,55 438,10 620,05 | 586 01
MOON | 7365154 713.124 186416 319 45 6724114 87.6.100 885i0s 705..4 898.11 422 05 61.5:57 | 64dosy
(b) ResNet-101.
S & N
& S & N N
R R S A
CC A S A R
Kur Method | & S v < S < ] < ¢ 9 N Avg.
CLIP ‘ 61.3 59.0 17.9 329 63.2 80.7 86.9 64.3 89.9 373 61.1 ‘ 59.5
VeryLow StatA | 73.0,117 66.5.75 225.46 304_55 7621150 89.5.ss 952.55 T46:105 919.00 429,56 651,40 | 662167
MOON 80.0 187 74.5.155 248,69 308 51 779i147 941i134 939,70 724,81 932,33 461,38 703,92 | 68.9 94
Low StatA | 712,90 659.60 200401 296 55 T3lio 880,74 929,60 7T49i105 928100 429.5 64diss | 65154
MOON 798, 185 7454155 21.8139 30059 764,132 931,124 92556 72.6.83 940,41 426,53 684,73 | 678, :3
Medium  StatA | 67.0,5, 627,57 186,07 287 10 696,64 849.., 888,10 701,55 921,25 409,55 636,05 | 625,50
MOON | 745,155 6911101 197118 299 50 727105 89.0.s5 89.0,51 682i50 926127 375100 653140 | 643115
(c) ViT-B/32.
& o N
& S (o4 N Q
S S & oF & & & N &
S S e o NI
Keir Method | & S ¥ < X < ] < C Q N Avg.
CLIP ‘ 62.0 62.1 19.1 454 60.2 80.4 87.3 66.6 91.4 42.7 63.5 61.9
Very Low ~ StatA 68.1161 656435 230439 53275 7194417 858,54 943,70 749,53 934,50 452,55 645.1 | 673,54
MOON 809,180 7841163 257i66 522468 778,176 948,144 947,74 754,88 951437 53.61109 704469 | 72.6110.7
Low StatA | 67250 657456 219:08 S50.0is: 693.01 845,41 925,50 753isr 932:1s 460,54 646411 | 66445
MOON 8031183 7881167 238,47 456402 7704168 937,133 931458 764,95 948,34 479,52 69.6,61 | 7109,
Medium  StatA | 655,55 648.07 20000 454100 650,15 826125 894101 706110 929,15 467,10 64dioo | 643,04
MOON 75641136 7364115 203,15 408 46 708.106 891,57 89.6403 Tlloys 936,55 42007 671436 | 66.7 45
(d) ViT-L/14.
& & >
& S P O N
> 2 G S & 8 N
o B < < S & S N © ¢
Kegp Method | S ad < < < < < (¢} Q N Avg.
CLIP ‘ 73.5 67.7 325 60.3 76.9 90.9 93.5 79.5 95.2 53.5 749 ‘ 72.6
Very Low  StatA 78954 713436 404,79 714,47 844,75 942,355 971436 829,34 97.0418 553118 771409 | 773447
MOON | 8581155 80.04104 413.55 7241151 862105 97.9:70 975110 835:10 98.1iso 6471115 808150 | 808150
Low StatA | 782,17 71.6.59 384iso 656455 824155  93.1iss 96305 828455 96109 S54410 768519 | 7601405
MOON 864,109 8081131 397,72 652,49 852,83 972,63 97.5i40 837442 977,25 607172 797,48 | 794,638
Medium StatA 76.61351 700423 364,39 626,23 80.6437 921412 939,04 808,135 956404 546411 771400 | 74500
MOON 833,98 763,86 363,38 6141, 832,63 954445 949,14 815,20 967115 545110 782433 | 765,39
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Table 14. Results on four additional CLIP backbones, batch adaptation with batch size of 1,000. Subscript green indicates
improvement, red indicates decline, and gray indicates no change compared with zero-shot performance.

(a) ResNet-50.
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CLIP | 582 58.9 17.0 36.2 55.8 774 85.7 66.1 85.7 42.8 618 | 587
Medium  StatA | 652,70 61.5.06 186416 5124150 6721114 809.55 891,54 707146 885.05 468,10 653155 | 641154
MOON 7821200 7514162 213443 433471 70.64148 8754101 897440 734173 9lli54 478450 7224104 | 682,95
High StatA 654,72 63.1142 16505 5174155 654,96 81.0436 844 135 700439 883.265 472,44 660,42 | 635458
MOON 7751103 7414152 181,11 432,70 675,117 843,69 865,08 713,52 893,36 43.6508 692,74 | 6597,
Very High StatA | 635,55 624.55 148 50 517,155 608450 778404 835 20 662501 879,20 466.455 645.07 | 61845,
MOON | 7474165 7054116 167 05 432170  623.55  79.6.00 859.0s 683102 86.0i04 425 05 64.8.50 | 631544
(b) ResNet-101.
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Keir Method | S A < X < ] < C 9 N Avg.
CLIP 61.3 59.0 17.9 329 63.2 80.7 86.9 64.3 89.9 37.3 61.1 59.5

Medium StatA 70.5,92 653163 205,26 33.6007 739,107 854,47 O9Lliuo 73188 922,53 432,59 665,54 65055

MOON | 7764165 7264156 21.5:96 333104 753-101 889.55 89.6:0r 712.60 942.15 416505 687176 6687y
High StatA 71411501 662175 186407 328 o1 7221909 85.1iu4 879,10 719476 922453 425,55 66554 643,45

MOON 777164 7121122 192413 331,02 72.649.4 863156 87.6407 691445 931432 387114 6591458 650,55
Very High StatA | 70.1gs 654464 169 10 329,00 682,50 824417 872.05 687.44 913,14 419,15 638,07 62645,

MOON 75.9+14.6 67A9+8.9 179400 33‘1+0_2 68.7+5_5 82‘7+2V0 87‘1+0_2 65.84,1'5 902+g§ 37.7+0_4 62.2+1_1 62.7+;3_2

(¢) ViT-B/32.
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CLIP 62.0 62.1 19.1 454 60.2 80.4 87.3 66.6 914 427 63.5 61.9

Medium StatA 659,39 633412 219495 513459 693491 8221158 903430 T41i75 926412 474147 661,56 659140

MOON | 791 171 760,150 227156 521ligr Tddiias 891.sr 903,50 740.74 942.05 470,45 692,57 698,70
High S@A | 670550 650400 202.11 Sllis: 685.55 827.05 885.10 737471 925.11 495.05 669.4 66051

MOON | 7931175 75.04150 202:11 521usr 7T1.6i114 865.61 87.9:05 71.8.55 93.7.05 438,11 679..4 682,65,
Very High  StatA 66.6,46 66039 188 o3 51.0,56 651,49 815,11 880,07 706,40 919,05 495,68 665,30 65132

MOON | 769:110 723.100 184 07 521ig7  669.67 826102 87.5.02 686100 Ol6ios 430,05 653,18 659,

(d) ViT-L/14.
&
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Ker Method | S v < S < < < < 9 O

CLIP ‘ 73.5 67.7 32.5 60.3 76.9 90.9 93.5 79.5 95.2 53.5 74.9 ‘ 72.6
Medium StatA 76.215.7 694,17 391,66 71.0410.7 819,50 91.7:08 948,13 819,54 956,04 569,34 776407 | 76.0545.4

MOON | 8501115 792115 38964 674171 840,71 959,50 954110 833i5s 977405 594.50 802iss | 788.00
High StatA 772437 709432 36.8:43 7124109 820451 923.14 943.0s 819404 953401 587152 788139 | 76.3:57

MOON 8531118 7831106 353428 672469 83.6167 94.6.37 942,07 82530 969i17 559424 790441 | 775450
Very High ~ StatA 773,38 7116439 337112 71200009 795426 917,08 941,06 807,12 949 g3 590,55 787 35 | 7573,

MOON 845,110 76.0483 326401 672,69 809,40 924,15 940,05 80308 951 o1 548,13 76.6117 | 759,33
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Table 15. Results on four additional CLIP backbones, online adaptation with batch size of 128. Subscript green indicates improvement,
red indicates decline, and gray indicates no change compared with zero-shot performance.

(a) ResNet-50.
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Scenario Method | < & Aot <X S <9 & QS P Q& RS Ave.
CLIP | 582 58.9 17.0 36.2 55.8 774 85.7 66.1 85.7 428 618 | 587
Low StatA 546 36 566 03 151 19 397,35 576418 194.00 851 g5 607 54 8780, 444 s 617 o, | 584 3
MOON 5824100 604415 162 05 395:33 577419 852,75 895,355 667,05 87.8,51 430,02 629,11 | 60.6,; 9
Medium ~ StatA 59.6.14 608419 177,07 435.75 659,501 84571 906440 681,90 893,35 455.07 645.57 | 62.8.4,
MOON | 70.3:121 7294140 20939 410445 6971139 925151 937480 7204509 905,,5 483,55 706,55 | 675,55

High  StatA | 647,65 626157 185115 436174 6851107 858,54 922105 70.1110 898,11 459,51 652.54 | 643,50
MOON 7831201 7711182 222452 413451 7294170 9341160 942485 736,75 914,57 497,69 7281110 | 6971110
Separate  StatA | 66.6151 626157 198125 443151 6951157 856152 938151 719:58 902,15 460,52 653.55 | 65104
MOON | 7944212 7674178 247477 403141 7334175 9284154 941484 749488 92366 53.04102 7384120 | 70.54118
(b) ResNet-101.
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CLIP ‘ 61.3 59.0 17.9 329 63.2 80.7 86.9 64.3 89.9 37.3 61.1 ‘ 59.5
Low StatA 60.5 0.3 593403 169 10 327 > 655,23 849,42 91.044, 678,35 922,93 4l.li3g 628,17 | 613,53
MOON | 618,05 603,15 17.6.05 32405 659,57 875,65 899,50 657,14 918,19 37704 6190k | 611,14
Medium  StatA | 661145 642150 197:15 333:04 722100 880474 941170 T20i7s 93245 429.55 652411 | 64655,
MOON 719,106 7054115 21.0431 330401 7414100 9264119 924,55 696,53 939,40 414,41 678,67 | 662, 7

High  StatA | 705.00 659,00 206127 335:06 T4liioo 887i50 Oddirs T3liss 934:s5 430.57 657140 | 657502

MOON 782,160 741151 21.8,39 334,05 7631131 932,105 928,59 708,65 946447 425,52 695,54 | 679,54
Separate  StatA | 71410, 657167 22.0i40 322 07 749,117 885,75 942,75 739,06 934145 419,45 657146 | 658165

MOON 7881175 7401150 238459 338,00 7681136 9271120 927458 721,78 952,53 441,68 703,92 | 68.6.9
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Scenario Method | ot < & < R < (¢ 9 N Avg.

CLIP ‘ 62.0 62.1 19.1 454 60.2 80.4 87.3 66.6 914 42.7 63.5 ‘ 61.9
Low StatA 614 96 627,06 192401 510456 618,16 826,22 910437 69.0.24 929,15 464,37 644,09 | 639,25,

MOON 624,04 636415 18259 499,,5 622,95 874,70 903,30 678,12 92641, 423 g4 641,06 | 637,18
Medium  StatA 64.6.5¢ 648,27 214,53 499,45 68.1,79 844,40 928,55 725,59 935,01 464,37 655,00 | 658,39

MOON 7291109 7431122 222431 50753 7374135 931127 931i58 722,56 942,08 474,47 69257 | 694 75
High StatA 66919 649:28 220429 501447 699.97 846440 932,59 735i69 937423 463,35 656421 | 664146

MOON | 797,177 7774156 234115 Slliss 766.164 9384154 936465 736070 947i5s 484.5. 70450 | 7120,
Separate  StatA 67.0.50 638117 229,35 449 o5 T04.0> 84137 928,55 T46.50 940,06 451.04 6504115 | 659,40

MOON 8031183 7731152 254463 491,37 7704168 93.1.127 934,61 750,84 951,37 506,79 704,69 | 715 96

(d) ViT-L/14.
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Scenario  Method \‘Q S Aot < S < R <> d 9 N

CLIP ‘ 73.5 67.7 32.5 60.3 76.9 90.9 93.5 79.5 95.2 53.5 74.9 72.6
Low StatA | 73.3_0o 682,05 341i16 68855 777405 920511 950415 802i07 956404 S554i19 76950 | 74317

MOON 738403 68306 322 03 678,75 117,08 945i36 952117 79.64,01 96.0508 540,05 759110 | 741415

Medium  StatA

758423 706429 383,558 698,95 819,50 932,23 963,25 815,20 958,06 556421 77‘6+2."‘760+34

MOON 81.3,7% 773196 379454 69.0487 83.9.70 972,63 96.8:335 820425 971119 588453 79.6147 | 783,57
High  SwA | 776..1 7115, 396.7; 689,55 829,60 93520 965.50 8195, 957.05 555,50 775,20 | 764,55
MOON 85.61121 8034126 397,72 694,91 852,83 975,66 970435 826,31 974,25 603,68 804,55 | 79.6.70
Separate  StatA | 77.6441 70.5.25 413,55 663.60 832.63 935.26 963i25 820,05 958406 S545.10 768.19 | 761435
MOON 857,122 804,127 414,39 681,78 852,83 974,65 968,33 834,39 977,25 626,91 80556 | 799,73
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Table 16. Results on OpenCLIP (151M), batch adaptation with batch size of 1,000. Subscript green indicates improvement, red
indicates decline, and gray indicates no change compared with zero-shot performance.
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Kt Method S S v < & < < d Q N

OpenCLIP ‘ 73.0 69.9 29.7 56.4 89.9 87.5 92.8 75.4 96.7 58.3 67.5 ‘ 72.5
Medium  StatA 734,04 688_11 326408 623.59 O12.14 87402 939,10 797110 964_gs 59714 702407 | Thliss

MOON 835,105 800,101 326100 615:51 939,40 933i5s 953.s5 784150 98114 651.0s T40ioe | 7785
High StatA Thlir, 70005 32054 62400 914,15 882,07 937i00 797415 967i00 62.0.a7 Tlligg | T47.00

MOON 8371107 8024104 310412 615:51 939440 917140 937408 775120 979412 613459 723,45 | 768,43
Very High _ StatA 746,16 713,14 309,11 624,60 912,15 882,07 936,05 718125 967100 626,45 Tld 5o | 7462,

MOON 830,100 79.1i0o 288 00 6ldisy  93.lise 893117 934i0s T56i01 966 01 60501 7T04iso | 75.6.5.

Table 17. Results on SigLIP (878M), batch adaptation with batch size of 1,000. Subscript green indicates improvement, red indicates
decline, and gray indicates no change compared with zero-shot performance.
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Keir Method \& &3 W <& oy < Q8 "~ o $ K
SigLIP ‘ 82.3 75.4 60.2 57.1 94.7 94.7 96.5 92.7 98.2 64.8 83.7 ‘ 81.8
Medium StatA ‘ 827105 76.1j07 647,45 60455 9544 940 o7 95411 904 55 97606 680,32 86025 | 8281
MOON 914,91 86.0,106 658,56 594,23 968,25, 98.1.34 983,15 935,07 988,06 719.7; 870,33 | 86.1.,-
High StA | 828,05 773,10 641,50 608,5: 955,05 948.0; 950 15 905 ,, 978 o, 686,55 856..0 | 830,
MOON  91.5.95 86.61112 64.0135 601130 966120 971404 972,07 935107 987405 666117 853:16 | 852433
Very High  StatA | 82.8.05 77.6155 604,02 608,357 954 948,01 949_16 904_53 97705 69.0.41 845.07 | 82.6407
MOON  910.xx 852,05 58814 601,50 962,15 956.00 97.0.05 934,05 97605 651,05 827 1, | 839,

Table 18. Results on EVA-CLIP (1.1B), batch adaptation with batch size of 1,000. Subscript green indicates

indicates decline, and gray indicates no change compared with zero-shot performance.

improvement, red

& i\ L S bc’ Y S N N
§ & & & & S e &
Kegr Method & S v‘ < e QG Q3 &S A S R
EVA-CLIP ‘ 78.0 72.9 33.6 70.1 91.2 91.0 94.2 75.0 97.3 60.6 78.0 ‘ 76.5
Medium StatA 778 02 715 15 369,33 727,56 918,06 908 o2 939 o3 778,27 971 g2 624,15 797,17 | 71510
MOON 8l.ly31 756427 3654128 727455 93.1yp1s 932102 94806 764114 977404 648142 804,05 | 78.7,5,
High StatA 783404 730401 362406 732451 922410 916406 942.00 784154 97401 64840 803454 | 782416
— 813,35 762:33 350114 727106 9ding 927417 942.00 767117 978405 635129 800421 | 785400
Very High  StatA 787 05 T38i0s 35415 T32.51 923110 91606 942,00 T17107 97401 655,50 807,57 | 182i17
— 812452 761i52 336-01 727426 929416 918408 94l-oa 760409 975102 63.1iz5 795115 | 78.041

Table 19. Results on full dataset with all classes. Subscript green indicates improvement, red indicates decline, and gray indicates no
change compared with zero-shot performance.
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Ker  Method x@ e ¥ < s® <F & <® & N & Avg.
CLIP ‘ 66.6 62.5 24.7 48.3 65.6 85.9 89.1 70.7 93.2 43.5 67.5 ‘ 65.2
Al StatA | 699,55 687,60 247.00 673,100 680,04 871,15 924,55 752,45 942,10 484,40 735,60 | 69.9,.7
MOON 687 21 654,29 244 o3 591108 67211 86.7: 08 902411 728421 934,02 450415 70.9.34 | 67.6424
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Table 20. Results on random class scenarios, where K¢ is randomly sampled within [1, min{ N, K }]. Subscript green indicates

improvement, red indicates decline, and gray indicates no change compared with zero-shot performance.

(a) Batch Size: 64.
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CLIP 66.6 62.5 24.7 48.3 65.6 85.9 89.1 70.7 93.2 43.5 67.5 ‘ 65.2
StatA 68.74,2,1 64-8+2.i5 24.1,().(—; 50-6+2 3 68.94,;;‘3 87.14,1‘2 90.8A1'7 72.1+1 4 93.8+() 6 46.64,;;‘1 68.74,12 66.9*,1'7
MOON 750484 690465 225 25 478 g5 696,40 89233 90.0,09 717410 935403 42510 688,13 | 67.2,5,
(b) Batch Size: 128.
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CLIP 66.6 62.5 24.7 48.3 65.6 85.9 89.1 70.7 93.2 435 67.5 ‘ 65.2
StatA 68.6,50 643,15 23.6 11 533,50 675.19 869,10 91120 715,08 938,06 469,34 679,04 | 668 16
MOON 741475 6734148 220_27 50.6423 66.4. 5 879150 907116 70205 932, 441,05 664 1, | 66.6. 1,
(c) Batch Size: 256.
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CLIP 66.6 62.5 24.7 48.3 65.6 859 89.1 70.7 93.2 43.5 67.5 ‘ 65.2
StatA 682,16 64116 241 g 553,70 663,07 874,15 919,25 732,05 938,06 474,39 687,15 | 673, 51
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Figure 4. Hyperparameter sensitivity analysis. Results are reported on batch adaptation, Medium scenario, batch size of 1,000.
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Figure 5. Detailed ablation study on components, over various batch sizes and scenarios. Each reported performance is averaged over
all datasets and runs.

J. Additional Analyses

Hyperparameter sensitivity. We analyze the sensitivity of MOON to the existing hyperparameters, including iteration
number 7' and the number of neighbors in Laplacian term m in Fig. 4. The results show that MOON is robust to both
hyperparameters. Moreover, the performance improves rapidly within the first few iterations and outperforms StatA nearly
saturates after T' = 3, suggesting fast practical convergence. Together with the dynamic shrinkage mechanism, MOON thus
requires no task-specific hyperparameter tuning. We set 7' = 10 and m = 3 by default for all experiments.

Fine-grained ablation analysis. We present a fine-grained ablation study across batch sizes and sparsity levels in Fig. 5.
Consistent with our design motivation, the impact of the class-level weight v diminishes as the effective class set becomes
denser (e.g., in the Very High scenario). This confirms that a functions precisely as intended: effectively suppressing
outlier classes in sparse settings while relaxing constraints when the distribution approaches uniformity. Conversely,
the instance-level weight v shows marginal influence at small batch sizes due to high statistical variance but becomes
increasingly significant at larger batch sizes, where it can leverage stable batch statistics to filter unreliable samples effectively.
Furthermore, the performance gain from iterative parameter updates tends to saturate in scenarios with large batches and
dense classes, suggesting that abundant data naturally provides sufficient empirical evidence for reliable estimation. Overall,
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the full MOON framework consistently yields optimal performance.

Table 21. Implementation of shrinkage strength .

(a) Batch adaptation, with batch size of 64.

Scenario Very Low Low Medium Avg.
MOON w/ soft (3, 75.3 73.3 68.6 72.4
MOON w/ hard Sy, 74.6 73.1 69.4 724

(b) Batch adaptation, with batch size of 1,000.

Scenario Medium High Very High Avg.
MOON w/ soft S 72.1 70.3 68.1 70.2
MOON w/ hard B 72.9 71.3 69.2 71.1

(c) Online adaptation, with batch size of 128.

Scenario Low Medium High Separate Avg.
MOON w/ soft By, 64.9 71.8 73.6 74.2 71.1
MOON w/ hard B 66.5 71.8 73.4 73.9 71.4

Implementation of 5;. We investigate the implementation strategy for the shrinkage strength §; by comparing the
standard soft assignment against the hard assignment (i.e., discretization via argmax) on the probability simplex. As shown
in Tab. 21, employing hard assignments consistently yields superior robustness and stability. This advantage stems from
the inherent property of the softmax operation, which produces non-zero residual probabilities for all classes. In a soft
assignment regime, these residuals can accumulate to form misleading counts for absent classes, thereby weakening the
necessary shrinkage. By adopting hard assignments, we effectively eliminate this background noise, ensuring that S
accurately reflects the true class presence and enforces strict anchoring for outlier categories.

K. Limitations and Future Work

While our MOON demonstrates robust performance and efficiency, there remain promising avenues for future exploration.
First, vMF distributions inherently assume isotropy on the hypersphere. Explicitly modeling the anisotropy of VLM
representations, for instance, by exploring Fisher-Bingham distributions or other non-isotropic spherical models, could
potentially capture more complex feature geometries. Second, MOON can be more deeply integrated with memory banks or
caches, enabling more efficient and effective adaptation in sample-wise, online-TTA mode. Finally, the construction of the
affinity graph still entails a quadratic complexity with respect to the batch size. Incorporating approximate nearest neighbor
search strategies could be beneficial, especially for scaling to large-scale offline adaptation tasks.
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