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Abstract. Medical vision-language models (VLMs) classify images from
text prompts alone and must flag inputs that lie outside their prompted
classes. Our detector PROTON scores each test image by its distance
to an online bank of class prototypes filled from confident predictions,
and fuses that distance with the softmax score, so that covariate-shifted
inputs which look confident to the softmax can still be caught. Ex-
tending PROTON from retinal photographs to chest radiographs and
histopathology, we find that its confidence gate admits the confidently
misclassified shifted inputs it is meant to exclude, so the prototypes ab-
sorb the shift. PROTON+ anchors every class prototype to the dominant
imaging-domain mode of the bank with a mean-shift step, admits only
samples that are consistent with their class prototype, and fuses online
z-scores instead of raw scores. With the hyper-parameters of PROTON
unchanged, PROTON+ improves over MCM on the covariate and far
shifts of all three modalities and on every stream order, reaching 93.9
AUROC on paediatric chest radiographs, where MCM is at chance, and
16.4 points above MCM on ultra-widefield fundus photographs.

Keywords: Out-of-distribution detection · Vision-language models ·
Test-time adaptation · Prototype bank.

1 Introduction

Medical VLMs such as FLAIR, UniMed-CLIP and QuiltNet classify an image from
text prompts alone [20,12,7]. A screening service prompted with “normal” and
⋆ Follow-up to our PROTON paper [2], MICCAI 2026 (https://arxiv.org/abs/2606.

20913). Code, benchmark manifests, cached features and a browser demo: https:
//aj-das-research.github.io/PROTON/.
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“diabetic retinopathy” also receives glaucoma cases, ultra-widefield photographs
from a different camera and images that are not retinas, and each must be flagged
for review instead of being assigned to a class. Static detectors read only the
softmax over the class prompts, whether as its maximum (MCM [17]), as a logit
or energy [6,15], with patch-level matches (GL-MCM [18]) or over augmented
prompts (TAG [16]), and no static score works across semantic, covariate and far
shifts on medical VLMs [9,5]. A covariate-shifted image is classified confidently,
so the softmax carries no trace of the shift, while the image embedding does.
PROTON [2] exploits this with an online bank of class prototypes built from con-
fident test predictions, a prototype-distance score, and a variance-driven fusion
with MCM, without labels, training or prompt engineering. Test-time learners
such as TTL, TINS and STAR [24,23,4] adapt prompts or text embeddings from
the stream instead and target the accuracy of the adapted classifier.

This follow-up extends PROTON to three modalities with a new codebase
and examines what the bank actually holds. The confidence gate can only exclude
inputs with a low maximum probability, which MCM already detects, and a
covariate-shifted input passes it by definition. On the ultra-widefield stream
97% of the shifted images pass the gate, 148 of 150 are assigned to the diabetic-
retinopathy class, and that class bank ends with 63% shifted members, so the
prototype moves towards the shift it should detect. With an oracle that never
admits a shifted sample the same prototype distance separates the shifted images
at 93.1 AUROC, so the signal is there and the admission rule is the fault.

PROTON+ keeps the bank and the fusion of PROTON and replaces the
admission rule by two label-free statistics of the bank itself, as Figure 1 shows.
A mean-shift step over the union of all class banks finds the dominant imaging-
domain mode, and each class prototype is the mean of its members weighted by
proximity to that mode, so a confidently classified but shifted cluster receives
almost no weight. A sample enters the bank only if its distance to the prototype
of its predicted class is typical of the samples admitted before it, and the two
scores are fused as online z-scores, which removes the scale mismatch between a
probability and a cosine distance. Our contributions are:

1. PROTON+, three changes to PROTON that cost no label, no training and
the same hyper-parameters, and that improve over MCM on every covariate
and far shift of three modalities, by 16.4 to 47.3 AUROC points on covariate
shift.

2. An analysis of prototype-bank contamination, with an oracle admission ref-
erence that bounds what a clean bank would give, and the finding that the
prototype distance alone is the strongest single detector on covariate and far
shifts.

3. A released library with three benchmarks, nine zero-shot and privileged base-
lines, seeded manifests, cached features and a browser demo, so that any
VLM and any folder of images can be evaluated with three commands.
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Fig. 1. A confident softmax hides the shift, the anchored prototype exposes
it. Top: a frozen VLM gives each stream image a softmax pt, read by MCM, and an
embedding et, read by the online prototype bank. PROTON+ changes three things, in
orange: ­ only consistent samples enter the bank, ¬ class prototypes are anchored to
the dominant imaging-domain mode of the bank, and ® the two scores are fused as on-
line z-scores. Bottom: the “diabetic retinopathy” queue at the end of an ultra-widefield
stream, in a 2-D linear projection of the real FLAIR embeddings (horizontal: ID-to-
ultra-widefield direction, vertical: normal-to-DR direction). PROTON’s plain mean
drifts toward the 59% shifted members, so a real ultra-widefield image that the soft-
max labels “DR” with confidence 0.99 sits at prototype distance 0.15 and is missed.
PROTON+ gives those members 6% of the anchor weight, keeps the prototype on the
DR images, and the same image sits at 0.88 and is flagged.

2 Method

Setting and PROTON. A frozen VLM maps an image xt to an ℓ2-normalised
embedding et ∈ Rd and the C class prompts to text embeddings T = [t1, . . . , tC ],
computed once. The zero-shot classifier is pt = softmax(e⊤t T/τ) with the temper-
ature τ learned by the VLM, and MCM scores SMCM(xt) = −maxc pt,c, higher
meaning more OOD. Images arrive one at a time without labels, and the detector
may use only the images it has already seen. PROTON keeps one first-in-first-
out queue Dc of at most M embeddings per class, and after scoring an image
enqueues it into the queue of its predicted class ĉ = argmaxc pt,c if maxc pt,c ≥ γ.
The prototype of class c is the normalised mean of its queue, µc = ēc/∥ēc∥2, the
prototype distance is

Sproto(xt) = 1−max
c

e⊤t µc, (1)

and once every queue holds Kmin members the score is

St = αt SMCM(xt) + (1−αt)Sproto(xt), αt = αmax− σ
(
100(σ2

t − σ2
0)
)
∆α, (2)
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where ∆α = αmax−αmin, σ2
t is the running variance of SMCM (Welford [22]), σ2

0

a reference variance and σ(·) the logistic function, so that αt moves from αmax

towards αmin when the variance of MCM rises. Before calibration the score is
SMCM alone.

Why the bank gets contaminated. The gate excludes only inputs with
a low maximum probability, which are the inputs MCM already detects, and
a covariate-shifted input is one the model classifies confidently for the wrong
reason. Such inputs land in the queue of the class they were assigned to, the
prototype becomes the mean of the ID cluster and the shifted cluster and lies
between them, and Equation (1) no longer separates the two. Equation (2) adds
a second defect, because SMCM lies in [−1,−1/C] while Sproto lies in [0, 2], so αt

does not control the relative influence of the two signals.
PROTON+: domain-anchored prototypes. All ID classes of a bench-

mark share one imaging domain, so the union of all queues has one dominant
mode whenever ID members outnumber the shifted members, which holds for
streams with an ID fraction of at least 0.7 in our data. A mean-shift step [1]
finds that mode: starting from the normalised mean µ of all members D =

⋃
cDc

we iterate three times

µ←
∑

e∈D w(e, µ) e∥∥∑
e∈D w(e, µ) e

∥∥
2

, w(e, µ) = exp
(
(e⊤µ− 1)/h

)
, (3)

with a bandwidth h on the cosine scale, and call the result µdom. Each
class prototype is then the domain-weighted mean of its own queue, µc ∝∑

e∈Dc
w(e, µdom) e normalised to unit length. A member in a shifted cluster at

a cosine distance of several times h from the anchor therefore contributes almost
nothing, and Equation (1) is unchanged.

Consistency admission. After calibration a sample enters the queue of its
predicted class only if its confidence passes the gate and its distance dt = 1−e⊤t µĉ

is typical of the samples admitted before it, dt ≤ mt +κ st, where mt and st are
the running mean and standard deviation of the distances of samples admitted
after calibration and κ sets the tolerance. The rule becomes active once Kmin

such distances exist, costs one dot product and three scalar updates, and lets
the FIFO eviction flush early contamination.

Scale-free fusion. We keep Equation (2) with the same weight αt but re-
place each score by its online z-score, with the statistics of SMCM running over
every sample seen and those of Sproto over the samples seen since calibration.
Before calibration the z-scored MCM is emitted, so the score keeps one scale
across the calibration boundary. Two variants are evaluated alongside: the max-
imum of the two z-scores instead of the weighted sum, and a weight driven by
the rejection rate of the admission rule instead of the variance of MCM. Per
sample PROTON+ computes C + 1 dot products, and each admission triggers
the anchor update, two matrix-vector products per iteration over the CM × d
bank, and the state is 0.4 MB for C = 2, M = 100, d = 512.
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3 Experiments

Benchmarks. Three benchmarks, each with two ID classes, three OOD splits
and one VLM, follow the construction of Ju et al. where it exists [9]. Oph-
thalmology uses FIVES [8] normal and diabetic retinopathy as ID (150 each),
FIVES glaucoma and macular degeneration as semantic shift (150 each), Deep-
DRiD ultra-widefield photographs [14] as covariate shift (150) and ImageNet
images [3] as far shift (150). Radiology uses RSNA [19] normal and lung-opacity
radiographs as ID (300 each), NIH ChestX-ray14 radiographs with findings out-
side the ID classes as semantic shift (300, de-duplicated against RSNA, which
is an NIH subset), paediatric radiographs [11] of both classes as covariate shift
(150) and ImageNet (150). Pathology uses PatchCamelyon [21] benign and ma-
lignant lymph-node patches as ID (300 each), five colorectal tissue types from
NCT-CRC-HE [10] as semantic shift (300), both classes from the held-out hos-
pital of Camelyon17-WILDS [13] as covariate shift (150) and ImageNet (150).
Every image list is a seeded, released manifest, and a disjoint labelled ID split
(50 per class in ophthalmology, 300 otherwise) serves only the two privileged
baselines.

Models, prompts and protocol. The frozen VLMs are FLAIR (ResNet-
50, d = 512) [20], UniMed-CLIP (ViT-B/16) [12] and QuiltNet (ViT-B/32) [7],
each with its learned temperature and with one prompt policy, the modality-
prefixed class prompt of the public benchmark code (“A fundus photograph of
{class}”, “x-ray of {class}”, “histopathology image of {class}”). FLAIR averages
text-encoder states over all tokens of a padded batch, so its class prompts are
encoded as one batch, as its forward pass does. Zero-shot ID accuracies are 84.0%,
69.2% and 59.3%. A stream contains all ID test images and all images of one
OOD split in a random order (ID fraction 0.50 to 0.80), every online detector
runs over five random orders, and all its numbers are the mean ± SD over these
orders, while static scores do not depend on the order. We report AUROC, the
area under the precision-recall curve with OOD as the positive class (AUPR)
and the false-positive rate at 95% OOD recall (FPR@95), in percent. PROTON
uses γ = 0.7, M = 100, Kmin = 5, α ∈ [0.3, 0.7] and σ2

0 = 0.02 as in its paper,
and PROTON+ adds h = 0.1 and κ = 2, fixed before the experiments from the
within-class cosine spread and the two-sigma rule. Features are extracted once
per benchmark on one GPU in under a minute, and every detector runs on a
CPU.

Baselines. Max-Logits, Energy, MCM, GL-MCM, TAG with the class
prompt and ten random word shuffles of it, and the hierarchical prompts of Ju
et al. at one and five descriptions per class. TAG reduces to MCM for single-
word prompts, and Entropy equals MCM for two classes and is omitted. kNN
and Mahalanobis distances to the labelled split are privileged upper references.

3.1 Does the bank help, and where does PROTON+ add?

Table 1 lists every zero-shot score on the ophthalmology benchmark, and Ta-
ble 2 the three modalities. A row above the MCM row beats the static score
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Table 1. Zero-shot OOD detection with FLAIR on the ophthalmology bench-
mark. AUROC and AUPR higher is better, FPR@95 lower. Online detectors report
the mean over five stream orders (SD at most 2.0 AUROC points except 7.8 on the
covariate shift of PROTON+, full table with SDs in the supplement). † hierarchical
prompts of Ju et al. Best per column bold, second best underlined.

Semantic Covariate Far-OOD

Method AUC↑ APR↑ FPR↓ AUC↑ APR↑ FPR↓ AUC↑ APR↑ FPR↓

Max-Logits 54.0 54.1 79.3 27.9 23.3 88.0 83.9 76.4 63.0
Energy 51.8 51.5 79.7 27.2 23.2 88.0 83.9 76.5 62.7
GL-MCM 75.8 75.6 86.0 68.9 45.3 69.3 78.5 62.4 75.0
MCM 75.8 75.6 86.0 68.9 45.2 69.7 78.5 62.4 75.0
TAG-MCM 68.4 70.5 88.7 30.1 23.8 93.7 72.2 47.2 60.3
MCM (L=1)† 66.5 65.0 84.7 84.2 66.3 47.3 51.8 38.4 98.3
MCM (L=5)† 58.3 56.5 87.0 66.5 42.5 65.7 54.4 33.5 74.3

PROTON [2] 68.0 72.5 92.7 46.7 29.4 83.6 86.8 76.2 55.0
PROTON+ (ours) 67.3 69.0 75.8 85.3 63.9 31.5 93.4 81.8 15.4

∆ PROTON+ vs. MCM -8.4 -6.5 -10.2 +16.4 +18.6 -38.1 +14.9 +19.4 -59.6

Table 2. PROTON+ improves over MCM on every covariate and far shift
and on every stream order. AUROC for the three benchmarks, mean ± SD over
five stream orders (AUPR and FPR@95 in the supplement).

Benchmark (VLM) Method Semantic Covariate Far-OOD

Ophthalmology (FLAIR)
MCM 75.8 68.9 78.5
PROTON 68.0± 0.9 46.7± 1.8 86.8± 3.6
PROTON+ (ours) 67.3± 0.7 85.3± 7.8 93.4± 0.5

Radiology (UniMed-CLIP)
MCM 54.2 46.6 27.6
PROTON 55.3± 0.9 61.2± 1.7 93.9± 2.3
PROTON+ (ours) 61.4± 0.7 93.9± 0.6 91.5± 1.4

Pathology (QuiltNet)
MCM 59.8 66.1 67.1
PROTON 64.9± 1.3 73.0± 3.7 75.2± 3.7
PROTON+ (ours) 82.4± 0.3 85.6± 0.9 92.1± 0.7

the online detectors build on. PROTON improves on far shifts in every
modality and on covariate shift in radiology and pathology, but loses
22.1 AUROC points to MCM on the ultra-widefield covariate shift.
Its variance-driven weight stays between 0.42 and 0.65 on every stream, so the
adaptive fusion is a constant in practice, and the gate costs rather than helps in
radiology, where the bank without a gate scores 6.5 points higher on covariate
shift. PROTON+ beats MCM on the covariate and far shifts of every
modality and on all five orders of every such stream, by 16.4 to 47.3
AUROC points on covariate shift and by 14.9 to 63.9 points on far shift.
MCM is below chance on both radiology shifts, so against the best static score
of each split the margins are 1.1, 15.5 and 18.4 points on covariate shift and 9.4,
7.0 and 24.9 points on far shift. On semantic shift PROTON+ gains 7.2 points
over MCM in radiology and 22.5 points in pathology, and on the ophthalmol-
ogy semantic split, where glaucoma and macular-degeneration images lie inside
the ID imaging domain and MCM already separates them at 75.8, the softmax
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Fig. 2. Shifted inputs fall inside the ID range of the softmax score but form
separate clusters in embedding space. (a) Share of OOD MCM scores inside the
5th to 95th percentile range of the ID scores (dotted line: the ID scores themselves,
90% by construction). (b) MCM confidence against the PROTON+ prototype distance
on the covariate stream after calibration. The dashed line is the 95th percentile of the
ID distance, the grey band spans the 5th to 95th percentile of ID MCM confidence,
and the red label gives the share of covariate samples above the line. (c) t-SNE of all
image embeddings. Columns: FLAIR, UniMed-CLIP, QuiltNet.

remains the signal to trust and the fused score stays at 67.3. FPR@95 on the
ultra-widefield shift drops from 69.7 (MCM) and 83.6 (PROTON) to 31.5, and
on the paediatric shift from 87.3 and 67.6 to 26.7. The AUROC standard devi-
ation over orders is at most 2.0 points except on the ultra-widefield shift (7.8),
where the 11 to 21 samples before calibration decide how much of the shifted
cluster enters before the anchor forms. The pathology gains hold under the other
prompt wordings: with the literal class names PROTON+ reaches 75.8, 72.9 and
92.5 against 64.3, 53.4 and 72.5 for MCM. Figure 2 shows why the bank path
sees what the softmax cannot: covariate and far samples form clusters away from
the ID classes in every modality, while most of their MCM scores fall inside the
ID range.

3.2 Which change matters?

Table 3 adds the three changes one at a time for the three modalities. Z-scoring
alone lifts covariate shift by 4 to 17 points, because the two raw scores have differ-
ent variances and the weight cannot compensate for that. Consistency admission
cannot repair a bank whose seed is already mixed, and on the ultra-widefield
shift it lowers the AUROC to 40.1. Domain-anchored prototypes carry the
covariate gain, from 40.1 to 85.3 on the ultra-widefield shift and from
78.4 to 93.9 on the paediatric shift. The prototype distance alone, from the
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Table 3. Domain anchoring carries the covariate gain, and the prototype
distance alone is the strongest signal on covariate and far shifts. AUROC,
mean over five stream orders (SD at most 2.9 points except on the ultra-widefield
shift, up to 12.6, with every SD in the supplement). The three changes are added
cumulatively, then variants of PROTON+. Oracle admission never admits a shifted
sample.

Ophthalmology Radiology Pathology

Variant Sem Cov Far Sem Cov Far Sem Cov Far

MCM 75.8 68.9 78.5 54.2 46.6 27.6 59.8 66.1 67.1
PROTON 68.0 46.7 86.8 55.3 61.2 93.9 64.9 73.0 75.2

+ z-scored fusion 69.4 50.7 89.0 61.6 78.1 90.5 77.7 84.7 82.8
+ consistency admission 70.6 40.1 92.6 61.9 78.4 92.8 82.1 85.6 88.2
+ domain anchoring (= PROTON+) 67.3 85.3 93.4 61.4 93.9 91.5 82.4 85.6 92.1

Sproto alone, PROTON+ bank 57.0 90.4 97.9 62.6 98.8 96.2 94.9 93.7 98.7
PROTON+, oracle admission 73.6 90.4 93.5 64.9 92.4 91.3 82.1 85.8 91.4
PROTON+, max-fusion 65.7 86.6 93.2 56.0 92.2 90.8 84.8 87.9 95.2
PROTON+, rejection-driven α 64.4 86.9 93.6 60.8 95.8 93.8 88.3 88.0 96.6

PROTON+ bank, is the strongest single signal on covariate and far shifts (90.4,
98.8 and 93.7 on the three covariate shifts, 96 to 99 on the far shifts) and beats
the fused score in pathology on every shift. Fusion with MCM pays only on the
ophthalmology semantic shift (57.0 alone against 67.3 fused). Oracle admission
is a reference rather than a bound, because it calibrates later and PROTON+
exceeds it on four pairs by up to 1.5 points, and PROTON+ stays within 6.3
points of it on every pair. The maximum of the two z-scores changes the nine
pairs by −5 to +3 points, and the rejection-driven weight beats the variance-
driven one on seven of nine pairs by up to 6 points while losing 2.9 points on
the ophthalmology semantic shift.

3.3 Sensitivity, stream composition and cost

Figure 3 varies the ID fraction of the stream by sub-sampling the smaller pool,
sweeps the gate, and measures the bank. Both detectors assume an ID
majority: PROTON+ beats MCM on covariate and far shifts at ID
fractions of 0.7 and 0.9 in every modality, and inverts once the shifted
cluster dominates the bank. The inversion starts at 0.5 on the ophthalmol-
ogy shifts and at 0.3 elsewhere, where the ultra-widefield AUROC of PROTON+
is 22.3 at 0.5 against 69 for MCM, which is order-free. PROTON+ moves by
at most 3.3 points for γ ∈ [0.5, 0.7] and 2.7 points for κ ∈ [1, 4], and a stricter
gate starves the bank where the ID images are less confident: γ = 0.9 drops the
radiology covariate and far shifts by 16 and 20 points and the pathology shifts
to the MCM level. The bandwidth h ≤ 0.1 works in every modality, h = 0.2
loses 13 points on the ultra-widefield shift, and h = 0.5 no longer separates that
cluster from the ID mode. Prompt wording moves the static baseline more than
any detector choice: a trailing period in the FLAIR prompt moves the MCM co-
variate AUROC from 68.9 to 84.2 and the far AUROC from 78.5 to 51.8, while
PROTON+ stays between 85.3 and 94.0 on covariate and 88.1 and 97.0 on far
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shift across the three single-prompt wordings. With Max-Logits or Energy as the
base score, which score 27 to 28 on the ultra-widefield shift, PROTON+ reaches
87 on covariate and 99 on far shift. The bank of PROTON+ ends with 42%,
16% and 1% shifted members on the three covariate streams against 63%, 59%
and 16% for PROTON. One PROTON step takes 0.02 ms and one PROTON+
step 0.10 to 0.28 ms on a single CPU core in NumPy, with 0.41 MB of state,
and calibration takes 14 to 20 samples in ophthalmology, 30 to 74 in radiology
and 51 to 116 in pathology. Five of the six PROTON prototypes stay above a
cosine of 0.99 to their final value after at most 29 admissions, the contaminated
retinopathy prototype only after 123, and PROTON+ raises the cosine of the
most contaminated prototype to the clean class mean from 0.57 to 0.84 in oph-
thalmology and from 0.88 to 0.99 in radiology (Figure 4). Over a grid of gates
and bank sizes, PROTON+ beats PROTON in all 168 settings and MCM in
165 of them, while PROTON stays below MCM in all 56 ophthalmology settings
(Figure 5).

4 Conclusion

PROTON+ is the recommended successor of PROTON: the same frozen VLM,
the same bank and the same hyper-parameters, with prototypes anchored to
the dominant imaging-domain mode, admission gated by prototype consistency
and fusion on z-scores. It improves over MCM on the covariate and far shifts
of three modalities, by up to 47.3 and 63.9 AUROC points over MCM and by
up to 15.5 and 24.9 points over the best static score of a split, at 0.1 to 0.3
ms per sample. The prototype distance alone is the strongest detector on those
shifts, and the fusion with the softmax score keeps the semantic shifts covered
where the softmax carries information the embedding lacks. Three directions
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the full bank (M = 100) dotted. (c) Cosine of the prototype of the most contaminated
bank to the class mean of the labelled ID split, averaged after ten admissions, PROTON
(circle) and PROTON+ (star). Covariate streams, means over five stream orders.
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Fig. 5. PROTON+ beats PROTON in all 168 gate and bank-size settings
and stays above MCM in all but three of them. Change in covariate AUROC
over MCM (points, three stream orders) for each gate γ and per-class bank size M ,
PROTON (top) and PROTON+ (bottom) on one colour scale, with the defaults γ =
0.7 and M = 100 boxed. At the defaults PROTON+ gains 13.5, 47.4 and 19.5 points
against −21.6, 15.8 and 8.2 for PROTON. PROTON+ drops below MCM only with
the smallest ophthalmology bank (M = 10, γ ≤ 0.5), and γ ≥ 0.8 starves the pathology
bank. Rows with γ ≤ 0.5 coincide because with two classes the top probability is never
below 0.5.
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follow. Choosing the fusion weight from the stream without labels is open, since
neither the variance of MCM nor the rejection rate of the admission rule recovers
that semantic loss. Streams with an ID minority invert both detectors once the
shifted cluster dominates the bank. A comparison with test-time prompt learners
is made direct by the released streams and features. The library, the seeded
manifests, the cached features and a browser demo with the real FLAIR weights
let any VLM and any folder of images be evaluated with three commands.
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A Supplementary material

A.1 Benchmark construction

FIVES holds 800 fundus photographs, 200 per class, of which 150 per ID class
enter the stream and the remaining 50 form the labelled split. The 150 ultra-
widefield images are drawn from the 256 photographs of the three DeepDRiD
ultra-widefield folders, and ImageNet images are 150 validation images of the ten-
class Imagenette subset at full resolution. RSNA radiographs are converted from
DICOM to 8-bit PNG with per-image min-max scaling, and 600 per class are
drawn, 300 for the stream and 300 for the labelled split. The radiology semantic
split is drawn from the public 5,606-image sample of NIH ChestX-ray14 after re-
moving images whose findings include No Finding, Pneumonia, Infiltration, Con-
solidation, Effusion or Edema, and after removing every candidate whose 64 by
64 grayscale correlation with an RSNA image of the ID or labelled split exceeds
0.95 (22 of 1,834 candidates), the level unrelated RSNA radiographs reach among
themselves. PatchCamelyon patches are 96 by 96 pixels, 600 per label from the
test split (300 stream, 300 labelled). The semantic split draws 60 patches from
each of adipose, debris, mucus, smooth muscle and cancer-associated stroma in
NCT-CRC-HE-7K, excluding normal mucosa, lymphocytes, tumour epithelium
and background. The covariate split draws 75 patches per label from the out-of-
distribution test hospital of Camelyon17-WILDS.

A.2 Full tables

Table 4. Standard deviation over the five stream orders of every metric of the online
detectors in Tables 1, 2, 6 and 7.

Semantic Covariate Far-OOD

Benchmark Method AUROC AUPR FPR AUROC AUPR FPR AUROC AUPR FPR

Ophth. PROTON 0.9 0.7 2.3 1.8 0.8 6.1 3.6 2.6 26.0
PROTON+ 0.7 0.3 1.7 7.8 6.8 26.5 0.5 1.2 1.8

Radio. PROTON 0.9 0.5 1.2 1.7 1.4 3.7 2.3 2.1 33.5
PROTON+ 0.7 0.5 1.4 0.6 3.4 5.4 1.4 4.4 31.5

Patho. PROTON 1.3 1.3 1.2 3.7 2.5 8.7 3.7 5.9 12.5
PROTON+ 0.3 0.8 5.4 0.9 2.5 4.1 0.7 2.1 4.3

A.3 Prompt sensitivity

“vanilla” is the bare class name, “l1” the modality template of the main tables (for
FLAIR the built-in caption with a trailing period), “id_acc” the pathology word-
ing with the best zero-shot accuracy on the disjoint labelled split (“normal” and
“cancer”), and “l5” the five-description hierarchy of Ju et al. for ophthalmology,
written in the same style for the other two modalities. Under the five-description
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Table 5. Standard deviation over the five stream orders of the AUROC values in
Table 3.

Ophthalmology Radiology Pathology

Variant Sem Cov Far Sem Cov Far Sem Cov Far

PROTON 0.9 1.8 3.6 0.9 1.7 2.3 1.3 3.7 3.7
+ z-scored fusion 1.1 0.4 1.5 0.8 0.8 1.3 0.6 0.8 2.5
+ consistency admission 2.9 2.8 1.7 0.7 12.1 1.4 0.7 1.0 7.9
+ domain anchoring (= PROTON+) 0.7 7.8 0.5 0.7 0.6 1.4 0.3 0.9 0.7

Sproto alone, PROTON+ bank 1.0 12.6 0.8 0.5 0.5 2.2 0.7 0.9 0.4
PROTON+, oracle admission 2.9 1.1 0.6 0.9 1.5 1.6 0.6 0.8 1.1
PROTON+, max-fusion 0.6 6.5 0.7 0.7 1.2 1.9 0.5 1.5 1.4
PROTON+, rejection-driven α 2.4 9.0 1.9 0.8 2.3 2.1 3.5 3.5 1.7

Table 6. Zero-shot OOD detection with UniMed-CLIP on the radiology benchmark
(means over five orders).

Semantic Covariate Far-OOD

Method AUC↑ APR↑ FPR↓ AUC↑ APR↑ FPR↓ AUC↑ APR↑ FPR↓

Max-Logits 69.4 56.1 82.3 0.4 10.8 100.0 75.7 64.6 90.2
Energy 70.2 57.4 84.8 0.4 10.8 100.0 77.0 67.4 90.5
GL-MCM 54.3 35.7 89.7 46.7 18.1 87.3 29.2 14.2 98.0
MCM 54.2 35.2 89.7 46.6 18.1 87.3 27.6 14.0 99.7
TAG-MCM 57.4 36.8 87.8 48.1 19.3 85.5 41.3 16.0 87.5
MCM (L=1)† 54.2 35.2 89.7 46.6 18.1 87.3 27.6 14.0 99.7
MCM (L=5)† 54.2 32.0 77.5 78.4 38.2 46.3 84.6 52.3 39.5

PROTON [2] 55.3 38.3 95.2 61.2 31.0 67.6 93.9 92.5 33.5
PROTON+ (ours) 61.4 42.4 88.1 93.9 82.1 26.7 91.5 74.6 35.7

∆ PROTON+ vs. MCM +7.2 +7.1 -1.5 +47.3 +64.1 -60.7 +63.9 +60.6 -64.0

prompts the ID accuracy falls to 57% in ophthalmology, the bank fills with mis-
routed samples, and both PROTON and PROTON+ lose most of their margin.

A.4 Base scores, broader baselines and sensitivity

The privileged detectors separate every covariate and far split at 99 to 100 AU-
ROC. The reference variance σ2

0 of the fusion weight is not inert: sweeping it
from 0.005 to 0.08 moves the mean AUROC of PROTON by 2 points in ophthal-
mology, rising with σ2

0 , and by 14 points in radiology and 7 points in pathology,
falling with σ2

0 . A three-way triage of the shift type from the pair of scores
reaches a macro-F1 of 0.60, 0.85 and 0.32 in the three modalities with a logistic
regression under five-fold cross-validation.

A.5 Text encoding in FLAIR

The text tower of FLAIR averages the hidden states of three BERT layers over all
token positions of the padded batch, padding included, so the embedding of “A
fundus photograph of normal” changes with the longest prompt in its batch. The
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Table 7. Zero-shot OOD detection with QuiltNet on the pathology benchmark (means
over five orders).

Semantic Covariate Far-OOD

Method AUC↑ APR↑ FPR↓ AUC↑ APR↑ FPR↓ AUC↑ APR↑ FPR↓

Max-Logits 2.1 19.1 100.0 21.3 12.4 97.7 25.0 15.3 99.3
Energy 1.7 19.1 100.0 19.4 12.2 99.0 23.3 15.0 99.7
GL-MCM 56.7 40.5 94.0 67.2 30.9 77.7 67.2 29.1 75.2
MCM 59.8 42.4 90.3 66.1 29.8 85.2 67.1 31.5 77.2
TAG-MCM 48.7 33.1 97.2 48.0 19.4 92.0 45.1 18.7 95.0
MCM (L=1)† 59.8 42.4 90.3 66.1 29.8 85.2 67.1 31.5 77.2
MCM (L=5)† 15.3 20.4 99.8 64.6 30.7 77.3 61.1 26.3 87.3

PROTON [2] 64.9 54.9 92.8 73.0 47.3 87.2 75.2 50.4 80.4
PROTON+ (ours) 82.4 72.5 67.7 85.6 64.6 50.7 92.1 81.6 35.0

∆ PROTON+ vs. MCM +22.5 +30.2 -22.6 +19.5 +34.8 -34.5 +25.0 +50.1 -42.2

Table 8. Prompt sensitivity, ophthalmology (AUROC Sem / Cov / Far).

Prompt set ID acc. MCM (Sem/Cov/Far) PROTON PROTON+

flair_default 84.0 75.8 / 68.9 / 78.5 68.0 / 46.7 / 86.8 67.3 / 85.3 / 93.4
vanilla 86.0 65.6 / 64.9 / 83.5 58.5 / 46.7 / 94.4 58.2 / 87.9 / 97.0
l1 83.7 66.5 / 84.2 / 51.8 65.0 / 66.6 / 78.2 64.6 / 94.0 / 88.1
l5 57.3 58.3 / 66.5 / 54.4 41.2 / 24.0 / 25.3 56.2 / 50.8 / 58.8

released forward pass encodes all class prompts in one batch and the benchmark
notebooks of Ju et al. call it, so the main protocol encodes the class prompts
jointly. Encoding each prompt alone moves the MCM covariate AUROC by 7
points with the default caption and by 22 points with the bare class names.
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Table 9. Prompt sensitivity, radiology.

Prompt set ID acc. MCM (Sem/Cov/Far) PROTON PROTON+

vanilla 73.2 41.8 / 57.5 / 55.5 44.9 / 78.9 / 94.7 53.2 / 95.5 / 96.2
l1 69.2 54.2 / 46.6 / 27.6 55.3 / 61.2 / 93.9 61.4 / 93.9 / 91.5
l5 55.3 54.2 / 78.4 / 84.6 50.3 / 79.1 / 88.3 49.9 / 88.5 / 96.8

Table 10. Prompt sensitivity, pathology.

Prompt set ID acc. MCM (Sem/Cov/Far) PROTON PROTON+

l1 59.3 59.8 / 66.1 / 67.1 64.9 / 73.0 / 75.2 82.4 / 85.6 / 92.1
id_acc 72.7 48.8 / 48.0 / 45.1 52.9 / 55.6 / 58.2 72.5 / 70.1 / 81.1
vanilla 64.5 64.3 / 53.4 / 72.5 66.7 / 58.9 / 82.2 75.8 / 72.9 / 92.5
l5 65.5 15.3 / 64.6 / 61.1 32.6 / 61.5 / 65.7 15.4 / 73.4 / 81.5

Table 11. Base scores alone, with PROTON and with PROTON+ (AUROC Sem /
Cov / Far), ophthalmology, radiology and pathology from top to bottom.

Base +PROTON +PROTON+
Base score Sem Cov Far Sem Cov Far Sem Cov Far

Max-Logits 54.0 27.9 83.9 57.3 23.6 87.0 57.1 87.1 99.1
Energy 51.8 27.2 83.9 55.3 22.6 87.0 56.1 87.2 99.1
GL-MCM 75.8 68.9 78.5 67.6 45.7 85.0 67.3 85.3 93.4
MCM 75.8 68.9 78.5 68.0 46.7 86.8 67.3 85.3 93.4
TAG-MCM 68.4 30.1 72.2 67.9 22.6 89.4 65.2 58.7 91.5

Base +PROTON +PROTON+
Base score Sem Cov Far Sem Cov Far Sem Cov Far

Max-Logits 69.4 0.4 75.7 67.1 4.5 80.6 69.1 92.9 98.8
Energy 70.2 0.4 77.0 67.8 4.5 81.8 69.2 92.9 98.9
GL-MCM 54.3 46.7 29.2 55.1 60.6 93.5 61.4 93.9 91.6
MCM 54.2 46.6 27.6 55.3 61.2 93.9 61.4 93.9 91.5
TAG-MCM 57.4 48.1 41.3 58.2 60.6 94.2 63.6 86.8 83.9

Base +PROTON +PROTON+
Base score Sem Cov Far Sem Cov Far Sem Cov Far

Max-Logits 2.1 21.3 25.0 12.7 29.7 31.4 75.5 79.4 92.5
Energy 1.7 19.4 23.3 12.4 28.1 29.8 75.5 78.8 92.2
GL-MCM 56.7 67.2 67.2 62.9 73.8 75.4 83.5 88.0 94.8
MCM 59.8 66.1 67.1 64.9 73.0 75.2 82.4 85.6 92.1
TAG-MCM 48.7 48.0 45.1 58.4 61.0 59.5 76.6 74.3 81.4
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Table 12. Broader baselines (AUROC Sem / Cov / Far). ‡ uses labelled ID features.

Ophthalmology

Method Sem Cov Far

TAG-MCM 68.4 30.1 72.2
MCM (L=5)† 58.3 66.5 54.4
kNN-ID‡ 76.8 100.0 99.8
Mahalanobis-ID‡ 82.4 100.0 100.0
PROTON 68.0 46.7 86.8
MCM (L=5) + PROTON 41.2 24.0 25.3
PROTON+ (ours) 67.3 85.3 93.4

Radiology

Method Sem Cov Far

TAG-MCM 57.4 48.1 41.3
MCM (L=5)† 54.2 78.4 84.6
kNN-ID‡ 67.8 99.9 100.0
Mahalanobis-ID‡ 58.9 100.0 100.0
PROTON 55.3 61.2 93.9
MCM (L=5) + PROTON 50.3 79.1 88.3
PROTON+ (ours) 61.4 93.9 91.5

Pathology

Method Sem Cov Far

TAG-MCM 48.7 48.0 45.1
MCM (L=5)† 15.3 64.6 61.1
kNN-ID‡ 100.0 99.4 100.0
Mahalanobis-ID‡ 100.0 99.8 100.0
PROTON 64.9 73.0 75.2
MCM (L=5) + PROTON 32.6 61.5 65.7
PROTON+ (ours) 82.4 85.6 92.1

Table 13. Bandwidth h of the domain anchor (PROTON+ AUROC).

Ophthalmology Radiology Pathology
h Sem Cov Far Sem Cov Far Sem Cov Far

0.02 66.9 82.7 89.2 58.5 94.4 91.8 81.1 83.1 90.8
0.05 68.1 86.9 92.5 60.7 94.1 91.6 82.2 85.2 91.9
0.1 67.3 85.3 93.4 61.4 93.9 91.5 82.4 85.6 92.1
0.2 66.9 72.6 93.8 61.6 94.2 91.6 82.5 85.6 89.0
0.5 68.1 40.3 93.7 61.8 86.4 92.0 82.2 85.6 88.5

Table 14. PROTON under the gate γ and bank size M , ultra-widefield covariate shift.

γ AUC APR F95 M AUC APR F95

0.5 46.9 29.4 82.5 10 45.3 29.3 92.0
0.6 46.7 29.4 83.8 25 44.6 28.6 89.9
0.7 46.7 29.4 83.6 50 45.4 28.9 87.2
0.8 47.8 30.1 81.3 100 46.7 29.4 83.6
0.9 49.4 30.7 79.9 200 47.9 29.9 79.5
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