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Abstract. Medical vision-language models (MVLMs) promise broad
zero-shot generalization, yet their reliability collapses when confronted
with unseen modalities and domains, precisely where clinical robustness
matters most. To address this gap, we revisit test-time modality gen-
eralization from the perspective of Mixture-of-Experts (MoE) and ask:
can experts route-and-adapt without any optimization during inference?
We identify a fundamental specialization-generalization dilemma at test
time, where blindly aggregating modality experts dilutes modality-specific
knowledge, while selecting one highly confident expert risks mismatch
under shift. To address this, we propose MoBE: a fully optimization-
free framework that performs dynamic expert selection and adaptation
at test time. MoBE combines entropy-guided dynamic routing in MoE
settings with expert-wise Bayesian adaptation, enabling experts to up-
date their confidence and adapt online without gradient updates. With-
out parametric updates, MoBE augments a static MVLM with test-time
routing and online statistics, achieving average accuracy gains of +4.72,
+7.17, and +4.3 over state-of-the-art TTA methods across seen, unseen,
and heterogeneous medical benchmarks, highlighting the effectiveness of
training-free expert adaptation for robust modality generalization.

Keywords: Test-Time Adaptation - Multimodal - Mixture-of-Experts.

1 Introduction

Recent medical vision-language models (MVLMs) enable strong zero-shot trans-
fer across imaging tasks and modalities, but this performance often assumes test
data matches training conditions [7,6]. In clinical deployment, distribution shifts
from unseen modalities, scanners, and acquisition protocols are common, and
accuracy can degrade substantially [1,11,9,3].

Expert Specialization for Modality Heterogeneity: To address modal-
ity heterogeneity, prior work [22] has explored expert-based architectures that
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Fig. 1: (a) The specialization-generalization dilemma induced by uniform expert fusion
v/s single-expert reliance at test time. (b) Routing by self-entropy closely matches
oracle cross-entropy routing, as they positively correlate. (¢) Despite correct routing,
pretrained class centroids can misalign with test features, motivating online alignment.

partition representation learning across modalities. Mixture-of-Experts (MoE)
models offer a natural mechanism for leveraging modality-specific knowledge
[23], but their effectiveness at test time critically depends on how experts are
selected and combined under distribution shift. This raises a central question for
test-time modality generalization: how should expert specialization be exploited
when the reliability of each expert is unknown at inference?

Limitations of Existing Adaptation: MoE-based MVLMs often use fixed
fusion or optimize routing at test time. For example, MoME [22]| adapts routing
parameters via test-time optimization, aligning with gradient-based adaptation,
e.g., INT, TPT, and TTL [5,19,4]. In contrast, cache-based methods (e.g., TDA,
BoostAdapter) avoid optimization via test-time memory [8,25], but operate on
a single model and do not address expert selection under modality shifts.

The Specialization-Generalization Dilemma: These observations reveal an
underexplored dilemma in the generalization of test-time modality: the specialization-
generalization dilemma, where blindly aggregating experts dilutes modality-specific
knowledge, while committing to a single expert risks severe mismatch under shift
[26,13]. Addressing this dilemma, therefore, requires estimating expert reliabil-

ity on-the-fly at inference time, ideally in a training-free manner that avoids
backpropagation (Fig. 1a). This motivates test-time adaptation in mixture-of-
modality-experts settings, where dynamic expert selection and lightweight adap-
tation can be performed online.

Towards Training-Free Expert Adaptation: In this work, we propose an
optimization-free framework that integrates dynamic expert routing with expert-
wise Bayesian adaptation at test time. To ensure unsupervised routing matches
supervised performance [15,20], Fig. 1b empirically validates entropy as a cross-
entropy proxy for routing. Also, instead of updating model parameters, each
expert maintains an online posterior, accumulated across the test stream, that
captures its evolving confidence and specialization, guiding both expert selection
and prediction aggregation, enabling adaptation to modality shifts (Fig. 1c).
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Contributions: Our contributions are threefold: (1) We reveal the specialization-
generalization dilemma that cripples test-time modality adaptation in Medical

VLMs; (2) We present MoBE: a fully optimization-free inference framework

uniting dynamic expert routing with per-expert Bayesian adaptation; and (3)

We demonstrate consistent state-of-the-art gains across standard and heteroge-

neous medical benchmarks, proving training-free expert specialization enables

robust modality generalization.

2 Methodology

Our modality-generalizable test-time adaptation is a two-stage process: first,
dynamic-k routing addresses the specialization-generalization dilemma by se-
lecting contextually reliable modality experts through predictive uncertainty;
second, Expert Bayesian Adaptation (EBA) refines the predictions of selected ex-
perts through online posterior updates via exponential moving averages (Fig. 2).
This yields an optimization-free, MoE-based TTA system that continuously
adapts how fixed representations are combined and refined, achieving robust
performance without gradient updates or source data access.

2.1 Preliminaries: Modality-Specialized MVLM Backbone

Given a sequence of test images {x;}" ; that arrive sequentially from an unseen
modality, the model is required to predict the label for each image x; immedi-
ately in an online manner. For each incoming image, the frozen image encoder
fo of a multimodal vision-language model (MVLM) (e.g., BiomedCLIP [24])
extracts a visual representation h; = fy(z;) € RP. Zero-shot classification is
performed by computing the similarity between the visual feature h; and text-
encoder embeddings w. € RP, corresponding to class prompts of the form “a
[class] of [modality]”, yielding logits s; . = h; w..

To leverage modality-specific knowledge, following MoME [22], we attach
E modality-specialized MLP experts {g.}Z_, in parallel to the frozen image
encoder’s classification head. Each g, : RP — RY maps visual features to class
logits tailored to modality m., producing s, = g.(h) and softmax probabilities
pe = softmax(s.). The challenge is selecting and combining these parallel experts
when the test modality is unknown.

2.2 MoBE: Mixture of Bayesian Experts in Medical Imaging

A. Dynamic-k Entropy-Guided Expert Routing: As shown in Fig. 1a, both
uniform expert fusion and single-expert selection suffer performance degradation
by either diluting modality knowledge or risking catastrophic mismatch. We
resolve this through dynamic-k routing that adaptively gates experts based on
relative predictive uncertainty.

For each test sample, we compute predictive entropy H(p.) = — . pe(c) log pe(c)
across all E experts, where lower H(p.) signals higher modality alignment.
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Fig.2: MoBE Test-Time Adaptation. (A) Frozen BiomedCLIP encoder processes
an incoming stream of test images. (B) Dynamic-k entropy routing selects the most
reliable modality experts from parallel MLP heads. (C) Selected experts are inverse-
entropy weighted and refined by EBA through confidence-gated prototype and prior
updates using the test stream. (D) Final predictions blend routed logits with Bayesian-
adapted outputs.

Rather than fixed top-k, we apply relative thresholding: sort by ascending en-
tropy Hy < Hy < --- < Hg, then select k experts as:

5k:{€j‘Hj—H1<7'}, k:|(€k‘7 j617"'7E7 (1)

where 7 is a modality-agnostic gap threshold. This way, we select and gate
experts who are nearly as confident as the most confident expert, and exclude
clearly mismatched ones. A minimum of two experts is enforced when F > 1,
maintaining expert diversity and inference efficiency [22].

Following observations from TTL and DeYo [1,12], we note that inverse-
entropy weighting produces mixing coefficients that better capture relative con-
fidence differences than softmax:

1

e X exp(H(pe))’

ecé&. (2)

Gated logits become the weighted ensemble s = 3 . &, WeSe, where the gating
function naturally emphasizes confident modality experts.

B. Expert Bayesian Adaptation (EBA): Once top experts & are selected
via dynamic routing, the next step is to adapt their predictions online as the
test stream evolves under a distribution shift. Motivated by statistical methods
for natural images [2,29], which frame predictions as a factorization of likelihood
P(z | y) and prior P(y), we observe that existing approaches primarily adapt
likelihoods while neglecting prior shifts. To address this, our Expert Bayesian
Adaptation (EBA) module maintains per-expert Bayesian posteriors and jointly
adapts both factors online, without updating any backbone or expert parameters.
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For each selected expert e € &, EBA maintains two persistent memory
variables across the test stream: (i) class prototypes pie.. € RP (one per class
¢, serving as a moving representative feature/centroid), and (ii) a class-prior
vector II, € A®~! (a length-C distribution capturing the expert’s historical
tendency to predict each class). As additional test samples are observed, these
accumulated statistics become increasingly accurate summaries of the underlying
test distribution.

Initialization: Prototypes are initialized from pretrained text embeddings
{w.}¢_, as semantically grounded class anchors: ji. . ¢ w/||we|2, where ¢ =
1,...,C. The class prior is initialized uniformly: II. < [1/C,1/C,...,1/C]. We
also initialize per-expert, per-class update counters ¢ ¢, 2., € N; these count
confident prototype and prior updates, respectively, and act as running-average
denominators.

Prediction: Given a test feature vector h, we score each class by its similarity
to the corresponding prototype: u. = Tgpa - hT/er,C, and convert scores into a
probability vector P(u | ) = softmax(u), which we treat as a likelihood-like
quantity indicating how well the input matches each class. To incorporate the
expert’s stored history to attain full posterior, we reweight these probabilities
by the prior I, (elementwise) and renormalize:

Pl
S Ply=cl)

Intuitively, this combines current similarity to prototypes with what this expert
has been seeing recently.

Confidence-gated adaptation: EBA updates its memory only when it is
confident, using confidence-gated running averages. (i) Prototype update (thresh-
old 6, ): For high-confidence predictions (i.e., if max. P(y = ¢ | ) > 61), we
update only the prototype of the predicted class § = argmax P(y | ) by aver-
aging it with the new feature h:

Ply|z)=Plu|z)od,  Ply|) (3)

Cl,e, Me,j + h

Clie,g ¢ Cley T 1 (4)
Cleg+1 ~ Y v

Hey <

followed by re-normalizing prototypes to unit length. (ii) Prior update (higher

threshold 02 ): When confidence exceeds a higher threshold (i.e., if max, P(y =

¢ | ) > 6), we additionally update the class prior using the current posterior

P(y | x):

c2,e51lc + Py | z)
C2e. T+ 1

As ¢q . and ¢ ¢ . increase, each update receives less weight, making g . and
11, progressively more stable. This dual adaptation mechanism: (i) moving pro-
totypes toward the observed test feature manifold, and (ii) adjusting class priors
based on a history of highly confident posteriors; aligning to the target distri-
bution while preserving pretrained semantic structure. EBA is applied indepen-
dently to each e € &, with aggregated logits as: sgpa = Y, welog P.(y | x).

I, s C2e. S C2.e,9 + 1. (5)

ecfy,
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Final predictions fuse entropy-routed logits with EBA-adapted logits: s =
(1 = X) s+ Asgpa, where A € [0,1] controls the strength of adaptation.

C. Training & Test-Time Inference: Each modality-specific MLP g, trains
independently on source data from modality m., minimizing cross-entropy us-
ing the frozen image encoder fy. No routing or cross-modal mixing occurs dur-
ing training. Test-Time Inference: The image-text encoders and experts remain
frozen. Per test batch: (1) extract h and per-expert logits {s.}; (2) compute en-
tropies {H (p.)} and gate dynamic-k set &; (3) apply inverse-entropy weighting
to produce s; (4) update EBA posteriors for selected experts; (5) blend via sfi7a!,

3 Experiments and Results

3.1 Experimental Settings

Benchmarks: Following prior work on modality-level TTA [22], we evaluate on a
combined MedMNIST+Med-VTAB benchmark [14], covering 11 datasets across
9 imaging modalities (e.g., X-ray, CT, pathology, microscopy, ultrasound, OCT,
and MRI). Med-VTAB adds MRI to mitigate modality gaps in MedMNIST and
enables controlled assessment of modality generalization. Furthermore, we eval-
uate on a heterogeneous few-shot suite [10] with 11 datasets spanning 10 organs
and 9 modalities (including MRI, ultrasound, endoscopy, and histopathology),
to test robustness under more diverse clinical imaging conditions.
Implementation Details: We use the pretrained Biomed CLIP ViT-B/16 back-
bone [24] with frozen image and text encoders. We attach F=5 modality-specialized
MLP experts in parallel to the image encoder’s classification head. Similar to
[22], experts are derived from ROCOV2 [18] by partitioning data into five modal-
ity groups (CT, MRI, X-ray, ultrasound, angiogram) and fine-tuning only the
vision-side MLP layers per modality; the resulting MLP weights are extracted
as fixed expert branches in MoBE. These modality experts have the same archi-
tecture as in BiomedCLIP’s MLP. All images are processed using the standard
BiomedCLIP preprocessing with no additional augmentation. We evaluate with
batch size 1 on a single NVIDIA A6000 (48GB) and report Top-1 accuracy.
Dataset-specific hyperparameter values for MoBE are available at Github.

Table 1: Performance of different VLMs and TTA methods on MedMNIST and Med-
VTAB datasets [22] (% Accuracy).

Method ChestMNIST MedVTAB BreastMNIST OrganAMNIST OrganCMNIST OrganSMNIST Average
Modality X-Ray MRI Ultrasound CcT CT CT Accuracy
BiomedCLIP 53.29 51.77 32.69 25.47 17.60 17.15 33.00
CoOp [52] 53.30 52.71 33.58 26.04 17.65 17.59 33.48
CoCoOp [51] 53.36 52.75 33.51 26.19 17.88 17.71 33.57
TENT [37] 41.81 45.86 30.15 15.47 9.61 10.02 25.49
EATA [30] 44.63 51.98 30.83 22.31 15.82 15.55 30.19
TPT [36] 53.33 53.22 35.77 26.12 17.67 17.60 33.95
WATT [31] 53.42 56.10 35.97 25.89 16.84 16.77 34.17
TDA [18] 53.50 55.69 45.87 26.40 17.91 17.82 36.20
MoME 54.72 58.12 52.56 29.19 18.45 19.12 38.69

MoBE (Ours) 60.44 60.72 73.08 24.37 19.84 21.99 43.41



https://github.com/BioMedIA-MBZUAI/MoBE-A-Test-Time-Modality-Generalization-Method

Test-Time Modality Generalization 7

Table 2: Performance of different VLMs and TTA methods on MedMNIST datasets
with unseen modalities [22] (% Accuracy).

Method PathMNIST  DermaMNIST OCTMNIST BloodMNIST TissueMNIST Average
Modality Colon Pathology Dermatoscope Retinal OCT Microscope — Microscope Accuracy
BiomedCLIP [49] 28.31 17.71 27.70 23.82 4.89 20.49
CoOp [52] 28.59 18.07 29.98 24.30 4.95 21.18
CoCoOp [51] 28.50 18.15 30.82 24.36 5.10 21.39
TENT [37] 20.48 14.05 21.96 15.54 3.22 15.05
EATA [30] 24.72 14.20 27.82 19.35 4.60 18.14
TPT [36] 28.34 20.03 31.57 25.14 5.07 22.03
WATT |[31] 28.45 29.64 33.50 25.12 4.91 24.32
TDA [18] 28.21 23.18 31.65 24.79 4.96 22.56
MOME 29.74 57.51 36.20 26.31 5.18 30.99
MoBE 48.69 66.00 54.20 15.70 6.22 38.16

Table 3: Performance of different VLMs and TTA methods on heterogeneous medical
datasets [10] (% Accuracy).

Method BTMRI COVID-QU-Ex CTKIDNEY DermaMNIST  Kvasir CHMNIST
Modality MRI X-Ray cT Dermatoscopy Endoscopy Histopathology
BiomedCLIP [49] 51.77 68.72 49.01 17.71 47.25 23.67
TDA [18] 55.69 64.45 54.71 23.18 52.08 27.53
MoBE 62.90 69.86 55.72 66.00 50.42 24.87
Method LC25000 RETINA KneeXray OCTMNIST  BUSI Average
Modality Histopathology Fundus Photography X-Ray ocT Ultrasound Accuracy
BiomedCLIP [49] 33.87 23.74 40.28 27.70 41.10 39.24
TDA [18] 40.80 27.60 38.47 31.65 45.34 42.19
MoBE 37.68 29.73 40.10 54.20 45.76 46.49

3.2 Comparison with State-of-the-art

We benchmark MoBE against prominent adaptation methods on BiomedCLIP,
including TENT [21], EATA [16], CoOp [27], CoCoOp [28], TPT [19], WATT [17],
and TDA [16]. While CoOp and CoCoOp are prompt-learning methods rather
than strict TTA, we include them following common protocols in [22].

Results on MedMNIST and MedVTAB (seen modalities): Tab. 1 re-
ports datasets whose modalities are covered by our modality-specialized experts.
MOoBE achieves the best average accuracy (43.41%), improving over Biomed CLIP
(33.00%) and MoME (38.69%). Gains are consistent on ChestMNIST, Med-
VTAB, and BreastMNIST (notably 73.08% on BreastMNIST), and also on Or-
ganCMNIST/OrganSMNIST. OrganAMNIST is the main exception, likely due
to weaker modality cues and heterogeneous class semantics that make entropy-
based expert selection less reliable.

Results on MedMNIST with unseen modalities: Tab. 2 evaluates gener-
alization to modalities unseen during expert pre-training. MoBE substantially
improves the average (38.16%) over BiomedCLIP (20.49%), TDA (22.56%), and
MoME (30.99%), with strong gains on PathMNIST, DermaMNIST, OCTM-
NIST, and TissueMNIST. BloodMNIST remains challenging, plausibly because
microscopy shifts are not well covered by our five expert modalities, reducing
routing discriminability.
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Table 4: Performance comparison Table 5: Computation analysis on X-ray modality
with different frozen backbones.  (ChestMNIST, ~22k samples).

Backbone | Seen-Avg Unseen-Avg Average Method | No Backprop? Infer-Time Speed” Accuracy AGain

PubmedCLIP 35.89 10.37 23.13  BiomedCLIP v 2m30s 144 i/s 53.29 0.00
+MoBE (Ours) 48.13 10.98 29.56 MoME X 12m57s  281i/s  54.72 1.43
BiomedCLIP 35.45 23.01 29.23  MoBE (Ours) v 11m10s 35i/s 60.44 7.15

+MoBE (Ours) 40.14 57.35 | 48.74  *j/5 denotes inference speed in images-per-second
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Fig. 3: (a) Component-wise performance: Each component of MoBE improves gen-
eralization. (b) Expert selection effect: MoBE’s dynamic-k routing matches the best
fixed top-k while remaining fully automatic. (c) Expert weighting effect: MoBE’s
inverse-exponential entropy outperforms averaging and softmax as gating functions.

Results on Heterogeneous Dataset: Tab. 3 extends evaluation to hetero-
geneous datasets (e.g., endoscopy, fundus photography, histopathology). Since
MoME is not reproducible here due to code unavailability, we compare Biomed-
CLIP, TDA, and MoBE. Averaged over 11 datasets and 9 modalities, MoBE
achieves the best average (46.49%) vs. TDA (42.19%), with large gains on
OCTMNIST and competitive results on RETINA /BUSI. TDA is slightly stronger
on some sets (e.g., Kvasir/CHMNIST), where style-driven shifts may favor cache-
based likelihood adaptation over expert selection.

3.3 Ablation Studies

We ablate MoBE components by averaging performance over seen modalities
(ChestMNIST, OrganCMNIST) and unseen modalities (PathMNIST, DermaM-
NIST), assessing the impact of different design choices.

Component-wise Ablation: Relative to frozen Biomed CLIP, MoE with fixed
top-k improves accuracy; dynamic-k further improves while eliminating the need
to tune k. EBA yields the largest gain via online refinement of per-expert pos-
teriors, and combined routing-and-adaptation performs best (Fig. 3a).

Fixed Top-k vs. Adaptive-k: Fixed top-k is sensitive to k& (too many experts
can hurt). Dynamic-k matches the best fixed-k performance while remaining
fully automatic, expanding the expert set only when additional experts have
comparable uncertainty (Fig. 3b).

Expert Weighting Mechanism: For gating the selected experts, uniform
averaging improves over softmax weighting, while inverse-exponential entropy
weighting performs best, emphasizing low-entropy experts (Fig. 3¢).
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Compute Analysis: Compared to optimization-based MoME, MoBE is inference-
only (no backprop), achieving higher accuracy with substantially lower overhead.
The cost comes from extra forward passes over multiple experts, making it slower
than single-model BiomedCLIP inference (Tab. 5).

Effect of Different Backbones: Across backbones (e.g., PubmedCLIP wvs.
BiomedCLIP), MoBE counsistently improves average accuracy, with larger gains
on unseen modalities, indicating robust backbone transferability (Tab. 4).

4 Conclusion

We address test-time modality generalization in MVLMs with our proposed
MoBE: a test-time route-and-adapt MoE framework combining adaptive expert
selection and Bayesian adaptation. MoBE consistently improves performance
across seen, unseen, and heterogeneous benchmarks across backbones. However,
MoBE incurs higher inference cost than frozen BiomedCLIP due to multiple ex-
pert forward passes. Future work should reduce this overhead (e.g., via early-exit
routing, pruning/distillation, or caching) and improve robustness when available
expert-bank coverage of the test distribution is limited.

Disclosure of Interests. The authors have no competing interests to declare
that are relevant to the content of this article.
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