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Abstract. Deploying foundation models (FMs) in clinical imaging is
limited by expert annotation cost and the opacity of API-served models
that preclude gradient-based adaptation. Existing methods address these
constraints separately: black-box prompt tuning assumes fixed labels,
while active learning often requires gradients, internal features, logits, or
calibrated probabilities. We present Prompt and Probe (P2), a query-
only framework for adapting frozen FMs to classification and segmenta-
tion while selecting informative unlabeled samples. A lightweight Visual
Prompt Decoder (VIPD) maps shared semantic and anatomical embed-
dings to input-space prompts: global additive prompts for classification
and spatial channel-concatenated prompts for segmentation, trained via
zeroth-order optimization. For acquisition, the trained decoder probes
unlabeled images with multi-scale perturbations; prompt and prediction
shifts are summarized as image- and pixel-level instability scores and
fused after per-batch normalization. Across seven public datasets, eight
benchmarks, and six clinical modalities, P? reduces labeling by 40-60%
while outperforming black-box active learning baselines, achieving 91.8%
AUROC on CheXpert with 50% labels and 58.5% Dice on Kvasir-Seg
with 10% labels. Boundary instability from model-predicted masks, with-
out segmentation ground truth, improves classification acquisition by up
to 24.5 AUROC points, suggesting that joint spatial-semantic probing
identifies anatomically ambiguous samples missed by task-specific selec-
tion.

Keywords: Active Learning - Black-Box Adaptation - Visual Prompt-
ing - Foundation Models - Data-Efficient Learning
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Fig.1: VIPD interpretability. Left to right: input, Probe sensitivity
(boundary-peaked instability), learned Prgpatial (broad target activation), pre-
dicted mask. Prompt and Probe capture complementary signals: target attention
vs. boundary uncertainty.

1 Introduction

Foundation models (FMs) are reshaping clinical imaging [I7], yet a widening
gap separates research-grade performance from real-world deployment. On one
side, pixel-level annotation remains a bottleneck—a single cardiac MRI study
can demand over thirty minutes of specialist time—making large labeled pools
impractical for most institutions. On the other, an increasing share of high-
performing FMs are served as proprietary APIs whose weights, gradients, and
internal representations are inaccessible by design [12], invalidating fine-tuning,
parameter-efficient adaptation [6J5], and most active learning (AL) strategies
that presuppose gradient access or calibrated predictive distributions [TU9I2T].
These two constraints compound: even when an institution can afford annota-
tion, the model it targets may refuse to reveal the signals needed to decide what
to annotate next.

Existing work addresses fragments of this compound problem but never the
whole. VALTANT [I1] introduces black-box AL via zeroth-order prompt learn-
ing, yet supports only classification. BAPS [I5] adapts black-box segmentation
models but provides no active acquisition mechanism; annotation is assumed
complete. ZIP [I6] achieves query-efficient zeroth-order prompt tuning for vi-
sion-language models but operates on a fixed labeled set, leaving the data-
selection problem untouched. BlackVIP [I3] pioneers input-dependent visual
prompting with SPSA-based optimization for robust transfer learning, yet nei-
ther incorporates active sample selection nor targets medical imaging. Entropy-
based AL [21] requires the calibrated softmax distributions that API-served mod-
els do not expose. Each method satisfies at most one of three desiderata—black-
box compatibility, annotation efficiency, and cross-task unification—and none
jointly addresses classification and segmentation within a single acquisition loop.

We propose Prompt and Probe (P?), a framework that closes this gap by
adapting frozen, API-served FMs to both classification and segmentation using
only input—output queries, while simultaneously learning which unlabeled sam-
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ples to annotate. The framework operates in two stages that mirror its name. In
the Prompt stage, a lightweight Visual Prompt Decoder (VIPD) generates task-
aware prompts—global additive perturbations for classification, spatial channel-
concatenated maps for segmentation—from shared image and anatomical em-
beddings, optimized via SPSA using only FM predictions. In the Probe stage,
the trained VIPD is repurposed as an uncertainty instrument: multi-scale pertur-
bations applied to unlabeled samples induce prediction shifts whose magnitude
reveals decision-boundary proximity, and a rank-based fusion criterion unifies
sample acquisition across tasks. Neither stage accesses model weights, gradients,
or logits. P? contributes along three axes:

— Unified global-spatial prompting. A single VIPD produces both prompt
types from a shared backbone, enforcing cross-task feature reuse while keep-
ing the parameter count low enough for zeroth-order training where each
parameter incurs query cost.

— Multi-scale instability-driven acquisition. Prediction instability is quan-
tified at both image level (prompt-shift cosine dissimilarity and finite-difference
gradient proxies) and pixel level (boundary disagreement, volumetric change,
pixel entropy). A task-emphasis parameter «y fuses both scores into a single
ranking, enabling one acquisition policy to serve classification, segmentation,
or joint settings.

— Dynamically weighted cross-task objective. A unified loss jointly reg-
ularizes entropy, prompt sensitivity, and feature consistency with automat-
ically balanced weights, enabling stable optimization across heterogeneous
tasks without task-specific modules or manual scheduling.

Key finding. Ablations reveal that spatial instability signals designed for segmentation substan-
tially improve classification sample selection—removing boundary disagreement on CheXpert
drops AUROC by 24.5 points, even absent any segmentation labels. This demonstrates that
unified acquisition surfaces anatomically ambiguous samples beneficial to both tasks, making
task-specific active learning strictly sub-optimal in the medical imaging setting P2 targets.

2 Methodology

P? operates in two stages (Fig. . The Prompt stage ( trains a lightweight
decoder to generate input-space prompts that steer a frozen FM toward classifi-
cation and segmentation simultaneously. The Probe stage ( then repurposes
this decoder to rank unlabeled samples by prediction instability under controlled
perturbations, selecting the most informative ones for annotation.

2.1 Prompt: Visual Prompt Decoder and Optimization

The VIPD takes an image X and produces two types of prompts—global and
spatial—through a shared backbone that splits into task-specific heads. This
design requires two ingredients: complementary embeddings that capture both
semantics and structure, and a prompt-generation pathway light enough for
gradient-free optimization.
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(a) Prompt: VIPD Training. (b) Probe: Multiscale informativeness ranking

Fig.2: P? framework. (a) Prompt: the VIPD fuses image (z7) and anatomical
(zpr) embeddings via shared MLPs into a global prompt (additive, for classifica-
tion) and spatial prompt (channel-concat, for segmentation), trained by SPSA
with the frozen FM. (b) Probe: multi-scale perturbations yield prompt pairs
from the trained VIPD; prompt shift and output instability are scored into I¢
and Ig, fused as vIc + (1—v)Is to rank samples for annotation.

Embedding extraction. We extract two complementary representations (Fig. )
A frozen MAE-pretrained ViT-B/16 produces an image embedding z; € R7%® en-
coding high-level semantics. In parallel, a saliency-based anatomical mask—obtained
via Otsu thresholding and connected-component filtering—is processed by a
frozen Uformer encoder to yield an anatomical embedding zyp; € R%'2, capturing
structural priors such as organ boundaries and tissue layout. The Uformer’s hi-
erarchical window attention preserves multi-scale boundary cues that flat ViT
features discard, making the two embeddings complementary by construction.
Prompt generation and integration. The concatenation [z5, z)s]| passes through
two shared MLP layers (dim 1024, GELU) before splitting into: a global prompt
Praiobal € R?'2, and a spatial prompt Prgpatial € RE*W from a transposed-
convolution head—totaling ~2.1M parameters. For classification, the global prompt
additively modulates the image embedding (2} = z; + Prgiobal) and the FM re-
turns class probabilities ypron = FM(2}). For segmentation, the spatial prompt
is concatenated channel-wise (X’ = [X || Prspatial]) and the FM returns a mask
Ymask = FM(X’). The FM remains completely frozen throughout—mo weights,
gradients, or activations are accessed.
Zeroth-order optimization. Since gradients are inaccessible, we optimize VIPD
parameters 6 via SPSA [I8]. A Rademacher perturbation A and scale ¢ yield the
gradient estimate
L0+ cA)— L(O — cA)
2c

= AT (1)
updated with momentum: m¢y1=Fms—ag, 6i11=0+m;11. Each step requires
exactly two FM queries, keeping optimization practical under API rate limits.
Unified training objective. A single loss spans both tasks and three unsuper-
vised regularizers:

Euniﬁed = Ltask + Ediv + Lent + Eself- (2)
S~

supervised unsupervised
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The task loss Liask=01Les+(1—a1)Lses balances classification consistency Les
which is CE(ypmb,ygrob) under prompt perturbation with segmentation qual-
ity Lseg=Lpice+LcE-seg- The three regularizers each address a distinct failure
mode. Diversity: Lqiy=—DKL (ypmbHygmb) prevents prompt collapse by encour-
aging output divergence under perturbation. Entropy: Leny=(1—S)H(Yprob) +
S?—[(ygrob), where S=cos(Prorig, Prpert); When prompts are similar (S—1) the
perturbed output should be confident and its entropy is penalized, while di-
vergent prompts (S—0) shift the penalty to the original output—maintaining
calibrated confidence proportional to prompt stability. Decoder self-consistency.
To preserve the black-box setting, no FM activations are used. Let hy(-) denote
the shared 1024-d activation of the VIPD MLP trunk before the prompt heads.
We define Lgois = ||hg(X + P) — hg(X)||3, which regularizes the decoder response
to small prompt perturbations without accessing FM weights, gradients, logits,
or intermediate features.

2.2 Probe: Perturbation-Based Informativeness Ranking

The Prompt stage produces a decoder that is sensitive to input characteris-
tics—precisely the property needed for sample selection. If a small perturbation
to an unlabeled image causes the VIPD’s prompt to shift and the FM’s pre-
diction to change substantially, the sample likely lies near a decision boundary
or contains ambiguous anatomy. The Probe stage operationalizes this insight at
multiple scales and across both tasks.

Multi-scale perturbation. For each unlabeled image X, we generate per-
turbed variants X=X+, with ~N (0, %I) and base scales A\;,€{0.01,0.05,0.1}
(fine, medium, coarse). Dataset-specific multipliers o, oy, 07 (Table[l)) modulate
o per scale. The VIPD produces prompt pairs (Phyig, P ); the FM generates cor-
responding predictions. Small A probes local decision-boundary proximity, while
large A reveals broader distributional fragility.

Classification informativeness (Icis). We quantify semantic instability via
prompt-space and output-space signals, aggregated with scale-dependent weights
We>Wp, W

wg (1 — cos(Porig, P N .
Tow — 2 Wi ( (Porig) Pr)) S HF(Pk) P (Pari)

Zk Wi k

‘. (3)

Igraq: finite-difference sensitivity

Segmentation informativeness (Igeg). Pixel-level instability complements
the image-level score above through three measures between original and per-
turbed outputs:

]Seg = Wy Iunc + wyp Ibnd + wy Iv017 (4>

where mezﬁZL ;H(yi,5) is mean pixel-wise entropy over scale-averaged pre-
dictions; Ipna=1—Dice(0Morig, OM}) is the Dice disagreement between boundary
maps extracted via morphological erosion (3x3 kernel)—particularly informative
for irregular structures like polyps or optic cups; Ivo1=|>_ Morig—> M |/> " Morig
captures relative volumetric change. We fix w,=0.3, wy=0.5, w,=0.2 across all
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datasets, weighting boundary disagreement highest given its dominant ablation
impact (Section . For classification-only datasets such as CheXpert, Iynq
uses no segmentation ground truth: MedSAM predicts masks for the original
and perturbed image, and boundary instability is computed only between these
predicted masks.

Unified acquisition. Before fusion, each score is min—max normalized within
the current unlabeled batch B: I = (I —ming I)/(maxp I — ming I + €). The
two informativeness scores are fused into a single sample ranking:

Rankpina = 'YjCls + (1 - ’Y)jSega (5)

where ~v€[0,1] controls task emphasis (Table , and samples are ranked by
sorting R. Top-ranked samples are selected for expert annotation, the VIPD is
retrained on the expanded labeled set, and the cycle repeats until the budget is
exhausted.

3 Experiments

Datasets. We evaluate P? on seven public datasets spanning six modalities and
three task settings (C, S, joint C+S), summarized in Table ISIC provides both
2019 classification labels (9-class) and 2018 segmentation annotations, yielding
eight benchmark evaluations in total.

Protocol. All images are resized to 512x512, intensity-normalized, and aug-
mented with standard geometric and photometric transforms. To simulate API-
constrained deployment, we use open-source FMs with all internal access dis-
abled: BioViL [4] and MedCLIP [22] for classification, MedSAM [10] for seg-
mentation (vl for reproducibility; the framework is architecture-agnostic and
compatible with SAM2 backends). Baselines are restricted to methods opera-
ble under strict black-box access—no gradients, intermediate features, or logits:
Random Sampling, Entropy Sampling [21], BAPS [15], and ZIP [I6], all re-
implemented under identical protocols. Gradient-dependent AL (CoreSet, BADGE,
Learning Loss) and white-box adaptation (VPT, LoRA) are excluded as they
require internal model access unavailable through APIs; BlackVIP [I3], while
black-box compatible, lacks acquisition—pairing it with random sampling eval-
uates only prompting quality, already subsumed by our w/o Probe ablation
(Fig. ??). FSL on 100% labels with DenseNet-121 serves as the performance
ceiling. We report three variants: Pg;, i, (per-modality VIPD), P{y,,,; (shared
VIPD across modalities), and P%; 14i.zrp (ZIP prompt initialization).
Training. We use Adam (n=5x10"%, weight decay 10~*, cosine schedule) on
an NVIDIA V100 for 100 epochs (single-modality) or 150 (multi-modality). The
baseline classifier is ViT-B/16 initialized with a 3% stratified seed. All results
report mean + std over 10 runs with fixed seeds; classification is measured by
AUROC, segmentation by Dice.
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Table 1: Dataset summary and per-dataset hyperparameters. #L = num-
ber of classes/labels. Task: C = Classification, S = Segmentation.

Loss weights Perturbation scales Ranking weights

Modality Dataset #Images #L Task ap ~ As Am X ws wm wy
Chest X-ray CheXpert [7] 224,316 14 C 0.4 0.7 1.2 1.4 0.95 4.0 3.0 2.0
Histopathology PCam [20] 327,680 2 C 0.4 0.7 1.6 1.4 1.0 5.0 3.0 3.0
Dermoscopy ISIC 2019 [I9] 25,331 9 C+S 0.5 0.5 1.5 0.9 1.3 4.5 3.2 2.2
Retinal Fundus REFUGE [I4] 1,200 2 C+S 0.5 0.5 1.5 1.3 1.5 4.0 3.0 2.0
GI Endoscopy Kvasir-Seg [8] 1,000 2 S 0.5 0.3 1.4 1.5 1.4 4.6 3.1 2.2
Surgical EndoVis 17 [2] 6,475 2 S 0.5 0.3 1.4 1.4 1.2 4.2 3.3 2.0
Cardiac MRI ~ ACDC [3] 1,000 5 C+S 0.5 0.5 1.5 1.4 1.4 4.1 3.2 2.1
1SIC 2019 REFUGE (C)
. .
/*/ *_—/

g +/’ i

g %

2,

50 i W 50 n W 50 0 W 50 w0
Labols (%) Labols (%) Labols (%) Labols (%)

Random Sampling — Eniropy Sampling —— BAPS —+--ZIP —— Pl =F=Piu, ~*=Piu,ar]

Fig.3: Label efficiency across tasks. AUROC (top: classification) and Dice
(bottom: segmentation) vs. labeling budget. P? variants (solid) consistently out-
perform baselines (dashed) across all eight benchmarks, with the largest margins
at low budgets. Dotted line: FSL ceiling. All p < 0.01.

4 Results

Classification. Figure [3| reports AUROC at labeling budgets from 10% to
100%. P3;.; consistently leads all baselines, with the largest margins at low
budgets. On CheXpert it reaches 91.8% at 50% labels—within 0.6 pts of FSL
(92.4%)—and 97.6% at 100%, exceeding FSL by 5.2 pts owing to the regularizing
effect of the unified prompt-perturbation objective. On PCam, P% ,; surpasses
BAPS by 4.4 and 5.1pts at 10% and 100% respectively. The multi-modality
variant exceeds P%ingle by 1-2 pts throughout, confirming cross-modality prompt
learning provides transferable supervision (p < 0.01; paired ¢-test, 10 runs).
Segmentation. Figure (bottom) reports Dice on four benchmarks using Med-
SAM as the frozen backbone. P%; ... achieves 58.5% on Kvasir-Seg with only
10% of labels—a 13.5-point gain over Random and 4.4 above BAPS. On ISIC
2018 it reaches 79.3% at 50% labels, matching FSL trained on the full dataset.
P{1uizrp @dds a further 2-3 pt boost, indicating that better initialization and
perturbation-based acquisition are complementary (p < 0.01).

Joint task evaluation. On ACDC [3|—which pairs segmentation masks (LV,
RV, myocardium) with pathology labels within the same study—P? achieves .887
AUROC and .865 Dice under our selected weighting (Table, outperforming all
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Table 2: Loss weight ablation (a1,7) on P2.

Dataset Task Metric Segmentation Classification Equal Ours
aj=.1, v=.9 a1=.7, v=.4 a1=.5, v=.5
AUC .812 .902 .851 .865
ISIC €S Dice 891 785 811 .844
CheX C AUC .887 911 901 .905
REF S Dice 912 .813 .865 .880
AUC .854 .893 .882 .887
ACDC €S Dice 890 801 875 .865
(a) Query Cost vs. Performance (CheXpert) (b) Spatial Signals - Classi tion Transfer

AUROC (%)
3258 &
"
\
\
\\\
A R
\
I
i
4
Cli fication AUROC (%)
& &

i i w”
Y i

1K 10K 100K CheXpert ~ PCam  ISIC2019 REFUGE
Cumulative FM queries (thousands)

Fig.4: Ablation and deployment analysis. (Left) Component ablation:
A from full Plz\/[ulti for AUROC and Dice; lollipops show cross-dataset mean
(p<0.001). (Right-a) AUROC on CheXpert (50% budget) vs. cumulative
FM queries—P? reaches within 0.9pts of FSL at ~50K queries (<1h at
1K queries/min). (Right-b) Ablating spatial signals (w,, . »=0) degrades classi-
fication AUROC by 14-21 pts on classification-only benchmarks.

alternative (a,7) configurations and confirming that a single VIPD can drive
both tasks without task-specific modules.

4.1 Ablations

Component ablation. Figure [4] (left) isolates each P? component by removal
from Pﬁ/lulti. Removing Probe (Aqs=—7.5, Ageg=—5.9) hurts more than remov-
ing the VIPD (—5.7, —3.9), confirming that what you label outweighs how you
prompt. Among informativeness components, boundary disagreement is dom-
inant: wp=0 alone causes the largest drop (—21.2 AUROC, —18.5 Dice), and
ablating all spatial signals (wy,,»=0) degrades classification AUROC by 14-
21 pts even on benchmarks without segmentation labels (Fig. [4] right-b). Equal-
izing scale weights (A.s=—10.2) confirms fine-scale perturbations carry stronger
boundary-proximity signal. All p<0.001.

Loss weight sensitivity. Table |2| varies a; (task balance) and ~ (acquisi-
tion emphasis). Extreme configurations yield expected trade-offs: seg-priority
(1=0.1,4=0.9) maximizes Dice at the expense of AUROC, and cls-priority in-
verts this. Our dataset-specific choices consistently achieve the best joint perfor-
mance, confirming that task weighting is a necessary design choice. Perturbation
magnitudes and unsupervised loss weights were robust across datasets.
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5 Discussion and Conclusion

The strongest ablation occurs on CheXpert: removing boundary disagreement
reduces AUROC by 24.5 points. This cue uses no segmentation ground truth; for
each unlabeled CXR, MedSAM predicts masks for the original and perturbed
images, and Ip,q measures instability between these predicted boundaries. The
effect is clinically plausible because cardiomegaly, pleural effusion, and atelecta-
sis can alter or obscure anatomical contours. In our sample-level analysis, 62% of
images uniquely selected by I,,q contained one of these contour-related findings,
compared with a 31% base rate. Thus, spatial probing helps identify anatomi-
cally ambiguous cases that image-level uncertainty may miss, without implying
universal superiority of task-unified acquisition.

Overall, P? provides an annotation-efficient route for adapting black-box
medical FMs: VIPD converges within 0.9 pts of FSL at ~50K queries (<1h
at 1K queries/min), while PZ; ;.. amortizes prompt learning across modalities.
Limitations include perturbation sensitivity, restriction to 2D data, and lack of
validation against commercial APIs under real latency constraints.
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