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Abstract. Deep learning-based medical image segmentation typically
relies on massive, high-quality expert annotations, which are costly and
time-consuming to obtain. Cold-start Active Learning (CSAL) alleviates
this burden by querying informative samples for annotation when deal-
ing with a new unlabeled training set. However, current CSAL methods
either suffer from selection redundancy and boundary outliers bias, or
rely on coarse heuristics that poorly approximate true segmentation dif-
ficulty. Meanwhile, foundation models like Segment Anything Model 3
(SAM3) with zero-shot segmentation ability can provide useful struc-
tural cues for CSAL, yet directly applying them to medical images leads
to unstable mask quality. To this end, we propose a unified Dual-Space
CSAL framework that leverages SAM3 outputs as zero-cost priors for
sample selection, while simultaneously capturing highly informative sam-
ples that offer both feature-level typicality and mask-level diversity. In
the image feature space, we introduce Centroid Affinity Scoring cou-
pled with a Cluster-Balanced Penalty to explicitly quantify sample typ-
icality, preventing redundant queries within high-density cores. Further-
more, to eliminate mask-level redundancy across diverse image features,
we introduce a pseudo-mask descriptor space with a Morphological Di-
versity mechanism, which utilizes uncertainty-weighted shape priors to
ensure maximum shape coverage within the query set. Extensive ex-
periments on PROMISE12 and ISIC 2018 datasets demonstrate that
the proposed framework significantly outperforms state-of-the-art CSAL
methods, reaching performance comparable to the fully supervised upper
bound with only about 5% labeled samples on the skin lesion segmenta-
tion task. Code is available at https://github.com/HiLab-git/DSAS.
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· Visual Foundation Models

1 Introduction

Deep learning has greatly advanced medical image segmentation, but its suc-
cess highly depends on a large set of expert annotations, which are costly and
scarce in clinical practice [21]. Traditional Active Learning (AL) mitigates this
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burden by presuming an initially labeled subset and iteratively selecting new
samples for annotation under a low annotation budget [20]. In practical scenar-
ios where initial labeled data is absent, Cold-Start AL (CSAL) becomes critical
for annotation-efficient model training [4,14].

Most existing CSAL methods resort to feature-based sampling, which can
generally be divided into representative-based and coverage-based approaches.
Representative-based methods select samples near cluster centroids [24] or in
high-density regions [6,7] to approximate the global data distribution. While
effective at capturing dominant patterns, they ignore redundancy within the se-
lected set and often query morphologically similar samples, thereby exhausting
the stringent annotation budget. Conversely, coverage-based methods maximize
the spatial span of queries to encompass the whole feature space [19,8]. This
strategy encourages diversity but tends to over-explore boundary regions, lead-
ing to the selection of extreme outliers that deviate from the main semantic dis-
tribution. More importantly, the task-agnostic nature of feature-based methods
proves to be ineffective for medical image segmentation, where clinically diverse
scans may still share similar global features [15]. To bridge this semantic gap,
ProxyRank [17,14] leverages heuristics such as Otsu thresholding [18] to capture
morphology-related proxy masks, and subsequently trains a network to estimate
the segmentation uncertainty. Similarly, Chen et al. [5] enforces label diversity
of queries through cluster-based pseudo-labels in classification. However, these
coarse proxies often mislead the AL algorithm into querying ambiguous regions
rather than providing genuinely informative value for segmentation network.

Recently, visual foundation models such as the Segment Anything Model 3
(SAM3) [3] have emerged as powerful tools for extracting generic semantic masks
via text prompts. However, their zero-shot generalization frequently falters when
confronted with diverse and previously unseen clinical concepts [13]. Directly
employing these zero-shot masks often introduces severe domain-shift-induced
artifacts, while naively maximizing diversity based on them risks querying out-
liers with corrupted structures.

To overcome these limitations, we repurpose SAM3’s outputs as zero-cost,
quality-filtered, and task-aware priors for cold-start active sampling. Specifically,
we propose a unified Dual-Space Active Sampling (DSAS) framework for CSAL
in medical image segmentation. The proposed framework simultaneously en-
forces sample typicality in the feature space to avoid boundary ambiguity, while
structural diversity in the pseudo-mask descriptor space to eliminate morpholog-
ical redundancy. The main contributions are summarized as follows: 1) First, we
introduce a centroid affinity scoring strategy within the image feature space to
explicitly quantify sample typicality, coupled with an adaptive cluster-balanced
penalty to prevent redundant queries from dominant, high-density semantic clus-
ters. 2) Second, we design a morphological diversity exploration with quality es-
timation mechanism that extracts shape priors from pseudo-masks and weights
their morphological distances using uncertainty scores. This strategy promotes
comprehensive structural coverage while robustly filtering extreme zero-shot ar-
tifacts. 3) Extensive experiments on two public datasets demonstrate that the
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Fig. 1. Overview of our proposed framework for CSAL. In the image feature space,
we query highly typical samples that are securely anchored to their primary cluster
centroids while maintaining a maximum margin from adjacent clusters. Simultaneously,
in the pseudo mask descriptor space, we maximize the structural coverage of the dataset
guided by SAM3-generated pseudo-masks.

proposed dual-space acquisition strategy consistently outperforms state-of-the-
art CSAL methods. Notably, our approach achieves comparable segmentation
performance to fully supervised learning while utilizing only 100 (about 5%)
labeled samples on skin lesion segmentation.

2 Method

2.1 Centroid Affinity Scoring with Cluster-Balanced Penalty

Centroid Affinity Scoring (CAS). Representative sampling is essential for
establishing a robust decision boundary for CSAL with a single round of query.
However, conventional distance-based metrics often fail to distinguish samples se-
curely located in high-density semantic cores from those ambiguously positioned
near cluster boundaries [22]. Inspired by [9], we introduce CAS to explicitly
quantify the semantic “coreness” of each sample relative to its assigned cluster,
mitigating the over-selection of such ambiguous samples.

Specifically, given an unlabeled medical image xi from the candidate pool
Du, we first leverage the visual encoder of SAM3 to extract its feature map and
spatially pool it into a global semantic feature vector fi ∈ Rd. Next, we per-
form K-Means clustering to partition the feature space into K distinct semantic

clusters, where K is empirically set to
√

|Du|
2 in our experiments. Based on this

partition, the raw affinity score of xi is formulated as:

A(xi) = ∥fi − c
(2)
i ∥2 − ∥fi − c

(1)
i ∥2 (1)
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where c
(1)
i and c

(2)
i denote its nearest and second-nearest cluster centroids to fi,

respectively, and ∥ · ∥2 denotes the L2 norm.
Intuitively, a larger A(xi) indicates that xi is tightly anchored within the

high-density core of its primary cluster while maintaining a clear margin from
neighboring clusters, thus reflecting strong semantic typicality.
Cluster-Balanced Penalty (CBP). Greedily selecting samples with the high-
est centroid affinity inevitably biases the query set toward a few dominant clus-
ters. To ensure the diversity of queries, we assign an expected sampling quota
Ek to each cluster k proportional to its population size. At sampling step t,
let S

(t−1)
k denote the number of samples already selected from cluster k. We

introduce a soft cluster-balanced penalty defined as:

P (t)(xi) = exp

(
−max

(
0,

S
(t−1)
ki

Eki

− 1
))

(2)

where ki is the cluster assignment of xi. This exponential decay mechanism
penalizes clusters whose sampling exceeds their expected quota while preserving
flexibility during early exploration. Ultimately, the unified global semantic score
S
(t)
img(xi) that governs the sampling in the image feature space is defined as:

S
(t)
img(xi) = A(xi) · P (t)(xi) (3)

Crucially, this soft penalty provides flexibility, allowing the algorithm to nat-
urally abandon minority clusters with poor masks when jointly considering mor-
phological diversity, which is detailed in Sec. 2.2.

2.2 Morphological Diversity Exploration with Quality Estimation

While image features capture high-level semantics, they inherently overlook lo-
calized morphological variations (e.g., lesion shape and size) that are critical for
medical image segmentation. To address this, we extract a morphological descrip-
tor mi (encoding foreground size, ratio, and centroid) from the SAM3-generated
pseudo-masks of each candidate xi. To encourage comprehensive coverage of the
morphological distribution, we select samples that maximize the morphological
distance D

(t)
mask(xi) between xi and the selected set Q(t−1) at step t [16]:

D
(t)
mask(xi) = min

xj∈Q(t−1)
∥mi −mj∥2 (4)

However, blindly maximizing this distance risks selecting extreme outliers
caused by severe pseudo-mask artifacts. To correct this, we introduce a mask
quality score qi derived from SAM3’s cross-attention uncertainty [10]. Finally,
we formulate the local morphological score S

(t)
mask(xi) by modulating the dynam-

ically normalized distance D̃
(t)
mask(xi) with its quality score:

S
(t)
mask(xi) = D̃

(t)
mask(xi) · qi (5)
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2.3 Unified Dual-Space Acquisition Function

Finally, we integrate the distribution-calibrated representative sampling in the
image feature space (Section 2.1) with the quality-gated diversity exploration
in the pseudo-mask descriptor space (Section 2.2). At step t, the acquisition
function greedily selects the optimal sample x∗ by maximizing the unified score:

x∗ = argmax
xi∈Du\Q(t−1)

(
S
(t)
img(xi) + S

(t)
mask(xi)

)
(6)

Then, the selected samples based on the rule in Eq. (6) are used to train a
segmentation network with fully supervised learning.

3 Experiments and Results

3.1 Datasets and Experimental Details

To validate the performance of our proposed CSAL method, we conduct experi-
ments on two public medical image segmentation datasets: 1) The PROMISE12
dataset [12] comprises Magnetic Resonance Imaging (MRI) scans from 100 pa-
tients with 2,726 slices. Each volume consists of 15 to 54 slices for prostate
segmentation, with an inter-slice spacing ranging from 2.2 to 4.0 mm. We ran-
domly split the dataset into 70, 10, and 20 cases at patient level for training,
validation, and testing, respectively. 2) The International Skin Imaging Collab-
oration (ISIC) 2018 dataset [1] contains 2,594 images that were randomly split
into 1,815, 389, and 390 images for training, validation, and testing, respectively.

All experiments were implemented using PyTorch on two NVIDIA GeForce
GTX 1080Ti GPUs. For active sampling, following MedSAM3 [13], we used the
dataset-level prompts “skin lesion” for ISIC 2018 and “prostate” for PROMISE12
to generate pseudo-masks, and applied global average pooling to the penultimate
layer of SAM3’s visual encoder to obtain image-level features for CAS. The mask
quality score was obtained from the final image-text cross-attention map of the
multimodal decoder to suppress unreliable morphological priors. We conducted
experiments across four strictly constrained annotation budgets: 15, 30, 60, and
100 samples for both datasets. For training, we used a frozen 2D SAM3 vision
encoder [2] with a lightweight feature pyramid network [11] and bilinear upsam-
pling as the segmentation head. The model was optimized using AdamW with
an initial learning rate of 1 × 10−2 and a cosine annealing schedule for 3000
iterations. For quantitative evaluation, we employed the Dice Similarity Coef-
ficient (DSC) and the Average Symmetric Surface Distance (ASSD). Note that
for PROMISE12, we stacked 2D slice predictions into 3D volumes for volumetric
evaluation.

3.2 Comparison with State-of-the-Art Methods

We compare our method against nine state-of-the-art methods in CSAL setting
under the same segmentation backbone: ALPS [24], BAL [9], CALR [7], Core-
set [19], FPS [8], ProbCover [23], TypiClust [6], URDS-UNC [25], and USL [22].
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Table 1. Quantitative comparison of different methods on the PROMISE12 dataset
with two different budgets. Best results are highlighted in bold.

Method 15 annotated samples 100 annotated samples
DSC (↑) ASSD (↓) DSC (↑) ASSD (↓)

Fully DSC: 87.89± 2.91 ASSD: 1.45± 1.66

Self-training DSC: 77.24± 8.70 ASSD: 8.37± 9.31

Random 67.54± 17.27 3.47± 1.66 81.51± 4.61 4.08± 4.67
ALPS [24] 72.97± 8.65 6.18± 6.13 82.37± 4.66 2.44± 2.95
BAL [9] 72.15± 13.66 2.69± 1.95 81.37± 5.27 2.58± 1.40
CALR [7] 74.79± 5.58 4.37± 4.00 82.96± 3.21 2.65± 2.41
Core-set [19] 75.45± 7.96 4.37± 4.00 81.60± 4.88 2.14± 1.42
FPS [8] 68.06± 14.24 4.26± 2.93 82.31± 3.85 2.43± 1.77
Probcover [23] 74.00± 9.76 3.03± 3.61 82.85± 4.11 2.37± 2.53
Typiclust [6] 70.48± 10.46 3.54± 3.37 81.26± 4.13 3.77± 3.32
URDS-UNC [25] 71.63± 8.43 2.45± 2.92 81.06± 7.47 1.27± 0.85
USL [22] 73.95± 12.17 2.65± 3.70 81.08± 7.72 1.74± 1.08

Ours 77.75± 5.22 6.15± 8.23 83.29± 5.57 1.17± 0.88

Furthermore, we established a Random sampling as baseline (Random) and re-
ported fully supervised training as an upper performance bound (Fully). To
further assess the necessity of human-in-the-loop annotation, we also evaluate
a self-training baseline that directly leverages SAM3-generated pseudo-masks
without active selection (Self-training).

ISIC 2018PROMISE12

Num of Labeled ImagesNum of Labeled Images

Fig. 2. Segmentation performance (DSC) across different annotation budgets on the
PROMISE12 (left) and ISIC 2018 (right) datasets.

Quantitative results are summarized in Table 1 and Table 2. Under the ex-
tremely constrained annotation budget of only 15 samples, our method achieves
the highest DSC of 77.75% on PROMISE12 and 82.80% on ISIC 2018, out-
performing strong representative-based baselines like CALR and Core-set by a
significant margin. On PROMISE12, our method achieves a DSC comparable
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Table 2. Quantitative comparison of different methods on the ISIC 2018 dataset with
two different budgets. Best results are highlighted in bold.

Method 15 annotated samples 100 annotated samples
DSC (↑) ASSD (↓) DSC (↑) ASSD (↓)

Fully DSC: 87.62± 13.42 ASSD: 6.04± 6.99

Self-training DSC: 37.88± 37.96 ASSD: 92.30± 124.62

Random 76.38± 20.34 11.82± 14.08 84.86± 15.93 8.77± 20.46
ALPS [24] 78.97± 19.61 11.10± 27.16 84.82± 14.28 8.22± 19.60
BAL [9] 82.35± 19.45 9.96± 15.97 84.95± 15.54 8.83± 19.97
CALR [7] 82.46± 17.76 9.12± 12.63 84.82± 14.28 9.16± 26.60
Core-set [19] 79.53± 17.35 10.41± 12.25 84.79± 15.88 8.40± 20.41
FPS [8] 81.19± 19.80 11.43± 23.81 85.42± 16.40 9.31± 27.92
Probcover [23] 80.97± 19.28 10.04± 12.96 84.89± 14.61 7.72± 9.38
Typiclust [6] 81.48± 19.90 10.78± 22.47 85.03± 12.84 7.17± 7.27
URDS-UNC [25] 80.42± 20.05 10.62± 14.91 85.31± 14.24 7.29± 8.19
USL [22] 81.31± 18.31 10.00± 14.42 84.17± 16.19 8.90± 21.65

Ours 82.80± 16.88 8.37± 10.27 86.01± 16.64 9.07± 27.80

Table 3. Ablation study of the proposed components on the PROMISE12 dataset.
Dmask means the morphological distance in Eq. (4), and qi means the quality-calibrated
morphological distance in Eq. (5).

CAS CBP Dmask qi
30 annotated samples 100 annotated samples
DSC (↑) ASSD (↓) DSC (↑) ASSD (↓)

Random selection 77.86± 7.91 3.47± 1.66 81.51± 4.61 4.08± 4.67

✓ 77.17± 5.71 5.55± 4.43 82.24± 4.41 4.94± 6.28
✓ ✓ 79.85± 5.69 3.34± 3.42 82.37± 4.92 1.34± 1.18
✓ ✓ ✓ 79.90± 6.77 3.51± 3.47 82.88± 5.90 1.41± 1.17
✓ ✓ ✓ ✓ 80.44± 6.35 3.09± 3.86 83.29± 5.57 1.17± 0.88

to self-training using full-scale pseudo-labels while requiring only 15 human-
annotated slices. Although its ASSD is not the lowest at this budget, this is
mainly attributable to isolated distant false-positive regions, to which ASSD is
particularly sensitive. With 100 annotated samples, our method achieves the best
ASSD on PROMISE12 and maintains leading DSC on both datasets. On ISIC
2018, our method reaches a DSC of 86.01%, approaching the fully supervised
upper bound of 87.62%.

Fig. 2 illustrates the segmentation performance of the compared CSAL meth-
ods as the annotation budget increases. As depicted, our approach consistently
outperforms the other methods throughout different annotation budgets. More
importantly, it demonstrates exceptional label efficiency, rapidly surpassing the
pseudo-label training baseline and steadily converging toward the fully super-
vised upper bound. Fig. 3 presents a visual comparison, which shows the seg-
mentation results of our method are closer to the ground truth with fewer false
positive regions and more accurate boundary under a low annotation cost.
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3.3 Ablation Study

Table 3 presents the ablation study results, validating the individual contribu-
tions of our proposed modules. Introducing the CAS results in a slight per-
formance drop compared to the random baseline due to the inevitable over-
selection of samples from a few dominant clusters. Further incorporating the
cluster-balanced penalty CBP and morphological distance Dmask consistently
improves the querying quality. Finally, incorporating the final quality-gated
mechanism qi effectively suppresses severe zero-shot artifacts, leading to the seg-
mentation performance beyond the 80% DSC milestone even under an extremely
constrained budget of 30 samples. The progressive performance gains across all
metrics demonstrate that our dual-space components are complementary and
jointly essential for achieving optimal label efficiency.

ISIC 2018

PROMISE12

Random FPS BAL ALPSTypiclustURDS-UNC Ours

Fig. 3. Qualitative comparison between ours and five leading existing methods under
a low annotation budget (15 and 100 samples for ISIC and PROMISE, respectively).

4 Conclusion

In this paper, we presented a novel Dual-Space Active Sampling (DSAS) frame-
work guided by SAM3 for annotation-efficient medical image segmentation. By
elegantly repurposing the visual foundation model SAM3 as a zero-cost, quality-
filtered prior, our approach effectively bridges the semantic gap that hinders
traditional feature-based sampling. We introduced Centroid Affinity Scoring cou-
pled with a Cluster-Balanced Penalty to secure sample typicality in the global
feature space, while simultaneously designing a Morphological Diversity with
Quality Estimation mechanism to ensure comprehensive structural coverage and
filter zero-shot artifacts in the local mask space. Extensive evaluations on the
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PROMISE12 and ISIC 2018 datasets demonstrated that our unified dual-space
acquisition strategy substantially outperforms state-of-the-art CSAL methods.
Future work will explore extending this zero-cost prior paradigm to more com-
plex 3D medical volumes and exploring its applicability across diverse clinical
modalities.
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