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Featured Application

The framework generates pseudo-instance labels from sparse center points for nuclei in-
stance segmentation in digital pathology. These labels can train downstream segmentation 
models when tracing every nucleus in the training images is impractical.

Abstract

Accurate nuclei instance segmentation requires pixel-level boundary annotation, which is 
expensive and time-consuming in histopathology images. We propose a sparse point-to-
pseudo-instance supervision framework that learns from limited center-point annotations. 
The framework first completes sparse nucleus centers through curriculum-based center 
recovery and then generates instance-level pseudo labels using point-prompted foundation-
model proposals. For completed centers without valid proposals, point-derived fallback 
regions are introduced to recover missing supervision, and all generated regions are assem-
bled into unified pseudo-instance labels. The generated labels are converted into the native 
training targets of different downstream segmentation models, including HoVerNet and 
StarDist, while inference relies only on the trained segmentation networks. Experiments 
on MoNuSeg, CPM17, and CoNSeP evaluate segmentation performance under limited 
point budgets and analyze the coverage–precision trade-off introduced by fallback recovery. 
Under a 10% point annotation budget, the framework achieves AJI and PQ scores of 0.6233 
and 0.6036 on MoNuSeg and 0.6653 and 0.6626 on CPM17, respectively. Point budgets cover 
training; fully annotated validation subsets support model selection. Additional validation 
analyses quantify recovered nuclei and false additions, showing that fallback improves 
supervision coverage while its effectiveness depends on the proposal coverage and center 
accuracy. The results demonstrate that sparse point annotations can be effectively converted 
into transferable pseudo-instance supervision for nuclei instance segmentation.

Keywords: nuclei instance segmentation; sparse point supervision; pseudo-instance labels; 
segmentation foundation model; coverage recovery; annotation efficiency

1. Introduction
Nuclei instance segmentation is an essential step for quantitative analysis of histopathol-

ogy images, enabling measurements of nuclear morphology, density, and spatial organi-
zation. However, accurate instance-level segmentation requires pixel-wise boundary an-
notations, which are expensive and time-consuming to obtain, especially in crowded and 
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visually ambiguous tissue regions. Representative fully supervised approaches, including 
Mask R-CNN, HoVerNet, and StarDist, have achieved strong segmentation performance by 
learning from dense annotations [1–3]. Nevertheless, the annotation burden limits their 
scalability for large-scale pathological datasets.

Point annotations provide a more efficient alternative by replacing detailed contour trac-
ing with sparse localization clicks. Previous point-supervised methods have demonstrated 
that simplified annotations can provide useful supervision through geometric expansion, 
auxiliary boundary learning, and co-training strategies [4–7]. However, full-point supervi-
sion still requires annotating every nucleus, which remains labor-intensive. Partial-point 
supervision further reduces annotation costs by labeling only a subset of nuclei [8,9]. This 
setting introduces additional challenges because unlabeled regions may contain both back-
ground regions and missing nuclei, making incomplete supervision difficult to interpret 
and potentially causing true instances to be suppressed during training.

Existing partial-point approaches mainly focus on recovering missing nuclei locations 
or constructing approximate supervision from sparse annotations. However, recovered 
locations alone do not guarantee complete instance-level supervision because a recovered 
center may fail to obtain a reliable instance region. Recent advances in foundation segmen-
tation models provide new opportunities for generating instance candidates from sparse 
prompts, but the generated proposals may still suffer from missing candidates, ambiguous 
boundaries, or incomplete coverage. Therefore, an effective sparse supervision framework 
should not only recover missing nuclei locations but also evaluate proposal availability and 
construct reliable instance-level pseudo labels.

In this work, we propose a sparse point-to-pseudo-instance supervision framework that 
converts limited center annotations into instance-level training supervision. The framework 
first completes missing nucleus centers through curriculum-based center recovery and 
then generates point-prompted instance candidates using a fixed-foundation segmentation 
model. For completed centers without valid proposals, point-derived fallback regions are 
introduced to recover missing supervision. The generated regions are further assembled 
into unified pseudo-instance labels, which can be converted into the native training targets 
required by different downstream segmentation architectures. Unlike approaches that 
adapt the foundation model itself, our framework treats the foundation model as a pseudo-
label generation component and evaluates the generated supervision through downstream 
instance segmentation networks.

The main contributions of this work are summarized as follows:
(1) We propose a sparse point-to-pseudo-instance supervision framework that transforms 

limited center annotations into instance-level pseudo labels through center completion 
and foundation model-guided proposal generation.

(2) We introduce a fallback-assisted region recovery strategy for completed centers with-
out valid proposals and analyze its influence by measuring recovered instances and 
additional false regions.

(3) We validate the generated supervision across two downstream architectures, HoV-
erNet and StarDist, demonstrating that the proposed pseudo-instance representa-
tion can support different instance segmentation models without modifying their
original designs.

2. Related Work
2.1. Fully Supervised Nuclei Instance Segmentation

Fully supervised methods learn instance shapes and separation cues from complete 
labels. Mask R-CNN predicts a mask for each detected region [1]. HoVerNet uses nuclear 
foreground probabilities and horizontal and vertical offsets to separate adjacent nuclei [2], 
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whereas StarDist predicts star-convex polygons from radial distances [3]. We use the latter 
two models as complementary downstream validation settings while retaining their original 
architectures and target-generation procedures.

2.2. Point-Supervised and Partially Point-Supervised Nuclei Segmentation
Point-supervised nuclei segmentation addresses the missing region information in 

point labels in several ways. Qu et al. derived coarse labels around annotated points [5]. 
PseudoEdgeNet introduces auxiliary boundary cues [6], and SC-Net combines self-
supervised representation learning with co-training [7]. Point-guided attention and pseudo-
label correction methods address noise in the derived supervision [10,11]. These methods 
use point-derived supervision, but their annotation coverage and training protocols differ 
from the partial-point setting considered here.

For the partial-point setting, Qu et al. used Gaussian center supervision and self-
training to recover missing nuclei before segmentation training [8]. A later curriculum-
based method also recovers nuclei progressively and uses a separate boundary-mining 
segmentation procedure [9]. Our first stage uses the center completion idea to generate 
prompts; the subsequent pseudo-instance generation, fallback assembly, and downstream 
supervision follow a different pipeline.

InstaSAM constructs pseudo-instances from point annotations and adapts SAM for 
nuclei segmentation [12]. All-in-SAM likewise generates pixel labels from weak prompts 
and then fine-tunes SAM for prediction without manual prompts at inference [13]. Our 
framework keeps the generic proposal model fixed and uses the generated instance labels 
to train separate segmentation networks rather than adapting the proposal model itself.

2.3. Foundation Models for Instance-Region Generation
Segment Anything (SAM) provides a promptable foundation model for general image 

segmentation [14], and SAM 2 extends this paradigm with improved image and video 
segmentation capability [15]. Recent studies have investigated the applicability and general-
izability of foundation models for nuclei segmentation under different prompting strategies, 
including point and box prompts [16]. Domain-adapted variants, such as Segment Any-
thing for Microscopy and CellSAM, further investigate microscopy-specific adaptation or 
detector-guided prompting [17,18].

Several studies also exploited SAM-derived regions as training supervision. All-in-
SAM uses these labels to adapt SAM itself [13]. Nakai and Hotta used SAM-derived pseudo 
labels to train successive U-Nets and introduce logical union operations to recover missed 
nuclei [19]. These workflows motivate using foundation-generated masks as training labels. 
We evaluate an integer pseudo-instance representation that separates foundation model-
based label generation from downstream segmentation training and can be converted into 
the targets required by separate downstream models.

2.4. Point-Derived Fallback Regions
Voronoi and cluster-derived regions have been used as coarse point-based supervi-

sion [5,7,9]. In our pipeline, this mechanism is invoked only for completed centers for 
which SAM2 candidate filtering returns no valid mask. SAM2-selected and fallback regions 
are subsequently assembled by a common conflict resolver. Nakai and Hotta similarly 
reported that supplementing SAM pseudo-labels can recover nuclei but may also increase 
over-segmentation [19]. We therefore quantify both recovered instances and false additions. 
Section 3.4 describes how joint assembly can alter overlapping regions.
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3. Method
3.1. Problem Formulation and Overview

Let I: Ω → R3  denote an RGB histology image on the pixel domain Ω. The available 
sparse manual center annotations are

𝑃𝑠 = {𝑝𝑖 ∶ 𝑖 = 1, … , 𝑁𝑠},   𝑝𝑖 ∈ Ω (1)

where 𝑝𝑖 is the ith annotated nuclear center and 𝑁𝑠 is the number of manual points. Stage 
1 predicts an additional center set 𝑃𝑟. Manual points are immutable anchors, and the 
completed center set is

𝑃̂ = 𝑃𝑠 ∪ 𝑃𝑟 (2)
The term completed refers to the union of observed and recovered centers; it does not 

assume that every true nucleus has been detected. Stage 2 converts 𝑃̂ and I into an integer 
pseudo-instance map

𝑀̂ ∶ Ω → {0, 1, … , 𝑁𝑖𝑛𝑠𝑡} (3)
where 0 denotes the background and each positive integer identifies one pseudo-nucleus. 
Figure 1 summarizes center completion, proposal generation with fallback recovery, and 
conversion to downstream supervision. The downstream models are alternative consumers 
of the generated supervision rather than sequential stages.

Figure 1. Overall framework for sparse point-to-pseudo-instance supervision.

Note that 𝑃𝑠 denotes sparse manual centers, 𝑃𝑟 denotes recovered centers, and 𝑃̂
denotes their union. 𝑀̂ is the final pseudo-instance map. The candidate index k is distinct 
from the final instance identifier.

3.2. Sparse Center Completion
3.2.1. Gaussian Center Supervision

Stage 1 uses ResUNet34, comprising a ResNet-34 encoder and a U-Net-style de-
coder with skip connections [20,21]. The encoder is initialized with ImageNet-pretrained 
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weights [22]. At curriculum round t, the current center-peak map 𝐴𝑡 is convolved with a 
Gaussian kernel 𝐺𝜎 . The implemented target is

𝑍 = 𝐺𝜎 ∗ 𝐴𝑡,   
𝑎 = min{𝑍(𝑥) ∶ 𝐴𝑡(𝑥) > 0},

𝑌(𝑥) =
{


min(1, 𝑍(𝑥)
𝑎 ) if 𝑍(𝑥)

𝑎 ≥ 0.05
0 if 𝑍(𝑥)

𝑎 < 0.05
   

(4)

We used a Gaussian standard deviation of 𝜎 = 2.75 for all three datasets. The 
initial supervision mask is constructed by dilating the Gaussian target peak regions with 
a disk with a radius of 22 pixels. During curriculum learning, regions with predicted 
center probabilities below 0.1 are additionally incorporated as background supervision. 
Positive target pixels receive a loss weight of 10, other supervised pixels receive a weight 
of 1, and pixels outside the supervision mask are ignored. Unannotated nuclei are not 
explicitly identified; their pixels contribute to the loss only when they fall within the current 
supervision mask.

The normalization value a is the smallest nonzero Gaussian response at a supervised 
peak. Normalized responses below 0.05 are discarded, values above 1 are clipped, and an 
empty peak map yields an all-zero target. Let 𝐻𝜃(𝐼) be the sigmoid center probability map 
predicted by the detector. Training minimizes the weighted squared error

𝑒𝜃(𝑥) = 𝐻𝜃(𝐼)(𝑥) − 𝑌(𝑥), 𝐿𝑐𝑡𝑟 = [Σ𝑥∈Ω𝑤(𝑥)𝑒2
𝜃][Σ𝑥∈Ω𝑚(𝑥)]−1 (5)

where 𝑚(𝑥) is the binary supervision mask and 𝑤(𝑥) = 10 at positive target pixels and is 
𝑤(𝑥) = 𝑚(𝑥) otherwise. The denominator counts supervised pixels; patches with an empty 
supervision mask are skipped.

3.2.2. Curriculum-Based Completion
Stage 1 builds on the curriculum-based center completion procedure of BoNuS [9,23], 

progressively incorporating confident detector predictions into center supervision. Sparse 
manual points remain fixed anchors, while eligible predictions are added during subsequent 
curriculum updates. Dense training instance masks are not used to generate curriculum 
targets. Complete validation annotations are used for model selection and validation-side 
analyses, as described in Sections 3.6 and 6.2.

The curriculum is updated every 30 epochs. Candidate centers are extracted from 
predictions using a confidence threshold of 0.65 and a maximum connected-component 
area of 150 pixels. Candidates overlapping existing detection labels are excluded. The 
remaining candidates are ranked using confidence, region area, and distance-related terms. 
For P existing centers and V candidates with nonzero ranking scores, at most ⌊𝑉𝑒−0.5𝑃/𝑉⌋
ranked candidates are considered when V > 0; no candidates are considered when V = 0. 
Newly accepted centers must be at least 11 pixels away from existing or previously accepted 
centers in the same curriculum update.

3.2.3. Completed-Center Extraction
The final probability map is thresholded at 𝜏. Connected components satisfying the 

selected area interval are represented by their centroids and filtered by the anchor-aware 
duplicate removal rule before they are merged with the manual points:

𝑃𝑟 = 𝐸𝑥𝑡𝑟𝑎𝑐𝑡(𝐻𝜃; 𝜏, 𝑎𝑚𝑖𝑛, 𝑎𝑚𝑎𝑥, 𝑟𝑑) (6)

Here, 𝑎min and 𝑎max are the component-area bounds and 𝑟𝑑 is the duplicate removal 
radius. The extraction and merge therefore retain every manual center while adding only 
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nonduplicate recovered centers. The validation-selected center extraction settings (thresh-
old, minimum area, and maximum area) were (0.65, 12, 150), (0.60, 8, 100), and (0.55, 8, 
100) for MoNuSeg, CPM17, and CoNSeP, respectively, with a common manual center merge 
radius of 15 pixels.

3.3. Foundation-Guided Pseudo-Instance Generation
3.3.1. Completed Center Prompting

For each completed center 𝑝𝑖 in 𝑃̂, the fixed SAM2 model receives 𝑝𝑖 as the positive 
point prompt and the configured neighboring centers as negative prompts. Multimask 
output is enabled, producing three binary candidates and their SAM2 model scores [15]:

𝐶𝑖 = {(𝑆𝑖𝑘, 𝑠𝑖𝑘)}𝐾
𝑘=1,   𝐾 = 3 (7)

Here, Sik denotes the kth SAM2 candidate mask for center i, and sik denotes its model-
provided quality score. These scores are not treated as calibrated IoU values, and no separate 
stability score is used.

3.3.2. Candidate Validity and Selection
A candidate is valid only if its SAM2 score meets or exceeds the selected threshold, 

its area lies within the selected interval, it contains its own center, and it does not contain 
another completed center. These checks are represented by

𝑣𝑖𝑘 = (𝑠𝑖𝑘 ≥ 𝜏𝑠) ∧ (𝑎𝑚𝑖𝑛 ≤ |𝑆𝑖𝑘| ≤ 𝑎𝑚𝑎𝑥) ∧ (𝑝𝑖 ∈ 𝑆𝑖𝑘) ∧ (𝑛𝑜𝑡ℎ𝑒𝑟
𝑖𝑘 = 0) (8)

where 𝑛𝑜𝑡ℎ𝑒𝑟
𝑖𝑘  is the number of other completed centers contained by the candidate after the 

configured optional exclusion radius dilation. For the matched SAM2-only and fallback-
assisted operating point, 𝜏𝑠 = 0.65, 𝑎min = 20𝑝𝑥2, and 𝑎max = 3000𝑝𝑥2. The Voronoi IoU, cell 
coverage, and outside ratio statistics are recorded for analysis but are inactive in the default 
candidate selection procedure.

The valid candidate index set and its availability indicator are

𝑉𝑖 = {𝑘 ∶ 𝑣𝑖𝑘 = 1},   𝑐𝑖 = 1[𝑉𝑖 ≠ ∅] (9)

Here, Vi denotes the set of valid SAM2 candidate indices for center 𝑖, and 𝑐𝑖 is a binary 
indicator of whether this set is nonempty.

When 𝑉𝑖 is nonempty, candidates are ranked first by descending SAM2 model score 
and then, on a score tie, by closeness of their area to a reference area of 200 px2:

𝑘∗
𝑖 = arg max

𝑘∈𝑉𝑖

𝑠𝑖𝑘,   𝑆∗
𝑖 = 𝑆𝑖 𝑘∗

𝑖
(10)

The selected region 𝑆∗
𝑖  enters the common region pool. The method does not apply 

geometry-based candidate gating or boundary refinement in its default configuration.

3.4. Fallback-Assisted Joint Proposal Assembly
3.4.1. Fallback Trigger and Region Construction

Fallback is triggered at candidate selection time, before the regions are jointly assembled. 
Specifically, a completed center is eligible for fallback when no candidate survives the 
validity checks:

𝑈 = {𝑖 ∶ 𝑉𝑖 = ∅}  (11)

Here, 𝑈 denotes the set of completed-center indices for which no SAM2 candidate 
satisfies the validity criteria. For each i ∈ U, we attempt to obtain a point-derived fallback 
region Fi using established cluster- and Voronoi-based weak label construction [5,7,9]. The 
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pixel feature vector is z(x) = [IR(x)/10, IG(x)/10, IB(x)/10, min(d(x, P̂), 20)]. K-means uses 
three clusters (random state 0; 10 initializations). The nucleus cluster was the cluster with 
the greatest overlap with the completed point map; among the remaining clusters, the 
background cluster had the least overlap with a radius-5 dilation of the point map. Objects 
smaller than 30 pixels were removed. Within Voronoi cells, the nucleus foreground was 
dilated by a radius of 5, hole-filled, and eroded by a radius of 7. The refined foreground 
was then partitioned among completed centers by nearest-center assignment.

The fallback lookup uses the cluster-derived instance map and snaps each seed to the 
nearest positive region within an 8-pixel search window. If no positive region is found, 
then that center contributes no region. Generated fallback regions are not filtered again by 
the SAM2 score or candidate-area criteria; they proceed directly to the common conflict 
resolver. Its effects on coverage and false additions are evaluated in Section 6.2.

3.4.2. Common Region Pool and Conflict Resolution
For each completed center, a valid SAM2 proposal is used when available; otherwise, 

fallback is attempted. Only selected SAM2 proposals or successfully generated fallback 
regions enter the common region pool. Let 𝑅𝑖 denote this source region and 𝜎 𝑖 denote its 
source score:

𝑅𝑖 = 𝑐𝑖𝑆∗
𝑖 + (1 − 𝑐𝑖)𝐹𝑖, 𝜎𝑖 = 𝑐𝑖𝑠𝑖𝑘∗

𝑖
(12)

Equation (12) represents conditional source selection and applies only to centers with 
an available source region; terms corresponding to the inactive branch are not evaluated. 
Centers for which both proposal selection and fallback construction fail are excluded from 
the common region pool.

SAM2 regions retain their model scores, whereas fallback regions receive a score of 
0. All source regions are assembled jointly. For pixel 𝑥, let 𝐽(𝑥) be the indices of covering 
regions and define the ownership score as follows:

𝐽(𝑥) = {𝑖 ∶ 𝑥 ∈ 𝑅𝑖}, 𝑢𝑖(𝑥) = 𝜎𝑖 + 𝜆𝑑/(1 + ‖𝑥 − 𝑝𝑖‖2), 𝜆𝑑 = 0.03 (13)

Here, 𝜆𝑑 = 0.03 provides a small preference for regions whose centers are closer to 
the pixel. For pixels covered by at least two regions, Δ𝑢(𝑥) denotes the difference between 
the highest and second-highest ownership scores. Under the frozen winner policy, pixels 
covered by a single region are assigned directly. In overlapping regions, the highest-scoring 
source wins unless the two best ownership scores differ by less than 𝛿 = 0.015; such 
ambiguous pixels are assigned background and marked as ignore or boundary pixels:

𝑖∗(𝑥) = argmax
𝑖∈𝐽(𝑥)

𝑢𝑖(𝑥),

𝑀̂(𝑥) =
{


𝑖∗(𝑥) if|𝐽(𝑥)| = 1 ∨ Δ𝑢(𝑥) ≥ 𝛿
0 otherwise

, 𝛿 = 0.015
(14)

When the covering set is empty, where (𝐽(𝑥) = ∅), the pixel is assigned to background, 
where (𝑀(𝑥) = 0), without evaluating the ownership maximum. The score difference 
Δ𝑢(𝑥) is evaluated only when at least two source regions cover the pixel. After ownership 
assignment, a one-pixel object boundary is computed and dilated by one pixel. Foreground 
pixels in this boundary are also marked in a separate boundary or ignore map. Positive 
instance identifiers are finally relabeled contiguously. Because SAM2-selected and fallback 
regions share this resolver, overlap pixels may be reassigned or ignored. An unchanged-
mask audit consequently describes the measured outcome for a given split and configuration 
rather than a theoretical guarantee.
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3.4.3. Output Representation
The output of Stage 2 is the integer map M̂ in Equation (3), together with separate 

boundary and ignore maps that record ambiguous and boundary pixels. This representa-
tion separates pseudo-instance generation from the architecture-specific targets used by a 
downstream model.

3.5. Downstream Supervision Conversion
The integer pseudo-instance representation is converted into the native targets required 

by each downstream architecture. Let 𝐴𝐻 and 𝐴𝑆 denote the respective preparation opera-
tors, including patch extraction and any model-specific consistency handling. HoVerNet 
receives its standard nuclear-pixel and horizontal or vertical targets [2]:

𝑇𝐻(𝐴𝐻(𝑀̂, 𝑃̂)) = (𝑌𝑁𝑃, 𝑌𝐻𝑉) (15)

StarDist receives its standard object-probability and radial-distance targets [3]:

𝑇𝑆(𝐴𝑆(𝑀̂, 𝑃̂)) = (𝑌𝑜𝑏𝑗, 𝑌𝑟𝑎𝑑) (16)

The separate Stage 2 ignore map is not passed as an explicit loss mask in the evaluated 
downstream training pipelines. HoVerNet generates NP and HV targets from the integer 
instance map, whereas StarDist uses an adapted integer instance label map. Pixels assigned 
a value of zero are handled through the resulting labels according to the respective model-
specific training procedures. Although both architectures share the same sparse-center-to-
instance generation protocol, their target preparation procedures may produce different 
effective training labels. Therefore, cross-architecture validation assesses the transferability 
of the pseudo-instance generation protocol rather than identical training tensors. SAM2 is 
used only during pseudo-label generation, and each trained downstream model performs 
image-only inference.

3.6. Annotation Access and Leakage Control
In controlled experiments, sparse center-point annotations are simulated by sampling 

from the available training instance annotations. Training uses RGB images, these budgeted 
center points, and generated pseudo-instance targets. The complete training instance masks 
are used only to derive sparse center points; they are not used for Stage 1 optimization, 
pseudo-label construction, or downstream weakly supervised optimization. A small, fully 
annotated validation subset is used for predeclared selection of the Stage 1 checkpoint and 
center extraction operating point, the Stage 2 candidate operating point, the downstream 
checkpoint, and downstream postprocessing and pruning settings. The same validation 
annotations are also used for the diagnostic analyses in Section 6.2 but not as training 
prompts or gradient targets.

Specifically, the validation subsets are Val6 for MoNuSeg, Val4 for CPM17, and Val5 
for CoNSeP. Test annotations are used only for final evaluation of the frozen models and 
are not used for training, model selection, or hyperparameter tuning. The split-specific 
annotation access policy is summarized in Table 1.

The nominal 10% annotation budget refers to center points in the training split. It does 
not include the fully annotated validation subsets (6 images for MoNuSeg, 4 images for 
CPM17, and 5 images for CoNSeP) or the benchmark test labels. These dense labels are 
disclosed separately because they are needed for validation-based selection and final evalu-
ation, even though they do not enter training optimization or pseudo-label construction.

https://doi.org/10.3390/app162111044
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Table 1. Information access by data split.

Split Accessible Annotation Use

Training Sparse center points and generated pseudo targets; no 
dense-mask model supervision Stage 1 and downstream optimization

Validation Full instance masks in a small held-out subset
Checkpoint, operating point, and 

postprocessing selection; validation 
diagnostics

Test Full instance masks Final evaluation of frozen 
models only

4. Experimental Set-Up
4.1. Datasets and Splits

MoNuSeg provided H&E images from multiple organs; its challenge release contained 
30 training and 14 test images 1000 × 1000 pixels in size [24,25]. Our split allocated 24, 6, 
and 14 images to training, validation, and test sets, respectively. CPM17 was evaluated 
with 28, 4, and 32 images [26]. Image-level partitions were fixed before patch extraction. 
Table 2 gives the dataset partitions, patch protocol, and point budgets. CoNSeP comprised 
41 H&E-stained histopathology images 1000 × 1000 pixels in size, which were partitioned 
into 22 training, 5 validation, and 14 test images in our experiments [2]. The official training 
and test partitions were retained, with validation subsets selected from the respective 
training partitions. Although all splits were disjoint at the image level, patient- or slide-
level grouping could not be independently verified for every dataset because the required 
identifiers were not consistently available.

Table 2. Dataset partitions, patch extraction, and annotation protocol.

Dataset Train/Val/Test Images Original Resolution Patch/Stride Budget Analysis

MoNuSeg 24/6/14 1000 × 1000 540 × 540/164 × 164 5/10/15%
CPM17 28/4/32 500 × 500/600 × 600 540 × 540/164 × 164 5/10/15%
CoNSeP 22/5/14 1000 × 1000 540 × 540/164 × 164 5/10/15%

4.2. Sparse Annotation Protocol
The 10% point ratio is the primary operating budget; 5% and 15% were used to study the 

annotation–performance relationship. Sparse center points were sampled independently 
within each training image rather than globally across the training split. For all three 
datasets, an image containing Ni > 0 eligible centers contributed max(1,⌊rNi⌋) annotated 
points at ratio 𝑟 using sampling seed 7. The 5% and 15% annotation sets were constructed 
as subsets and supersets, respectively, of the frozen 10% point set. The resulting nested 
point sets satisfied

𝑃5%
𝑠 ⊂ 𝑃10%

𝑠 ⊂ 𝑃15%
𝑠 (17)

For each dataset and annotation budget, locally reproduced methods evaluated under 
the same budget used the same frozen training point files. The same per-image evaluator 
was used for all locally reproduced methods. Each result was identified by its available run 
or aggregation level.

4.3. Implementation Details
Stage 1 was trained for a fixed 100 epochs without early stopping on all three datasets, 

with an initial learning rate of (1 × 10−4). It used the ResUNet34 architecture described in 
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Section 3.2, with the encoder initialized from ImageNet-pretrained weights [20–22]. The 
local training routine used Adam with betas (0.9, 0.99) and the weighted MSE in Equation 
(5). Checkpoints and operating points were selected using the validation-only procedures 
in Section 3.6.

Pseudo-instance labels were generated using SAM 2.1 Hiera Base+ [15] with the 
sam2.1_hiera_base_plus.pt checkpoint and sam2.1_hiera_b+.yaml configuration, together 
with the point-derived fallback described in Section 3.4. SAM2 remained frozen and gener-
ated proposals from point prompts without fine-tuning on the target datasets. HoVerNet 
and StarDist retained their original architectures and were trained using NP and HV tar-
gets and object-probability and radial-distance targets, respectively [2,3]. Downstream 
checkpoints and postprocessing settings were selected on the declared validation subsets.

4.4. Baselines and Comparison Policy
We locally reproduced WeaklySegPartialPoints [8], SC-Net [7], SPN+IEN [27], and 

BoNuS [9] using the same image-level splits and evaluation code. At each annotation 
budget, the reproduced point-supervised methods used the same sampled point files. 
Model and parameter selection followed the validation procedures described in Section 3.6. 
Table 3 includes these results alongside fully supervised HoVerNet and StarDist [2,3] for 
comparison.

Table 3. Comparison of nuclei instance segmentation methods under different annotation supervision 
settings.

Method Supervision Budget MoNuSeg CPM17 CoNSeP
Dice AJI PQ Dice AJI PQ Dice AJI PQ

Fully supervised methods
HoVerNet Full mask 100% masks 0.7924 0.6215 0.6029 0.8727 0.7066 0.6942 0.8420 0.5671 0.5112
StarDist Full mask 100% masks 0.7921 0.6281 0.6239 0.8498 0.6848 0.6837 0.7874 0.5339 0.5039

Full point-supervised methods
BoNuS Point 100% points 0.7618 0.5888 0.5423 0.7846 0.6098 0.5717 0.6132 0.3756 0.2756
SC-Net Point 100% points 0.7282 0.5317 0.4874 0.7448 0.5138 0.4452 0.7004 0.2701 0.2298

SPN+IEN Point 100% points 0.7173 0.5134 0.4414 0.7669 0.5857 0.4882 0.7408 0.4161 0.2819
Partial point-supervised methods (10%)

WSPP Partial point 10% points 0.7558 0.5746 0.5359 0.7194 0.5371 0.5078 0.6423 0.3850 0.3093
BoNuS Partial point 10% points 0.7424 0.5718 0.5427 0.7511 0.5567 0.5116 0.4962 0.2800 0.2049
Ours Partial point 10% points 0.7969 0.6233 0.6036 0.8386 0.6653 0.6626 0.6590 0.3863 0.3370

Table 4 lists the published results from EOFD-Net [28], DoNuSeg [29], PLCUD [11], 
Constraint-Attention [30], and Sparsely Guided [31]. These results followed the original ex-
perimental settings, whose annotation budgets, data splits, and evaluation protocols may dif-
fer from ours. The SAM2-only setting was also included in the supervision-source ablation.

Table 4. Comparison with recently published nuclei segmentation methods under reported experi-
mental settings.

Method Supervision MoNuSeg CPM17 CoNSeP

Dice AJI PQ Dice AJI PQ Dice AJI PQ

EOFD-Net 100% point 0.7412 0.5237 - - - - - - -

DoNuSeg 100% point - - - - - - 0.6020 0.3639 0.2395

PLCUD 100% point 0.7444 0.5314 - - - - - - -

Constraint-
Attention

1/16 partial 
point 0.7390 - - - - - - - -
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Table 4. Cont.

Method Supervision MoNuSeg CPM17 CoNSeP

Dice AJI PQ Dice AJI PQ Dice AJI PQ

Sparsely Guided 100% point 0.7821 0.6176 0.6038 0.7913 0.6236 0.5974 0.6517 0.4248 0.3528

Ours 10% partial 
point 0.7969 0.6233 0.6036 0.8386 0.6653 0.6626 0.6590 0.3863 0.3370

4.5. Metrics
We report the foreground Dice coefficient, AJI, PQ, DQ, SQ, instance precision, recall, 

F1 score, and predicted-to-ground-truth count ratio. AJI evaluates the aggregate instance 
overlap [24], and PQ combines detection and matched-mask segmentation quality [32], 
with the nuclei evaluation conventions specified alongside HoVerNet [2]. All reproduced 
rows use the same evaluator. The Dice coefficient, AJI, PQ, DQ, SQ, precision, recall, and F1 
score are reported on a 0–1 scale. The improvements described in Section 6.1 are expressed 
in percentage points, whereas the metric differences in the validation audit are reported as 
absolute differences on the original scale.

5. Main Results
5.1. Main Comparison at the 10% Point Budget

Table 3 compares the proposed framework with partial point-supervised methods at 
the 10% point budget. Fully supervised and 100% point-supervised methods provided 
references for different annotation requirements. In the reported single run on the MoNuSeg 
test split, our method achieved a Dice score of 0.7969, an AJI of 0.6233, and a PQ of 0.6036.

Figure 2 shows segmentation examples across the evaluated datasets and point anno-
tation protocols.

Figure 2. Qualitative comparison of nuclei instance segmentation results under different point 
annotation protocols. Different colors represent individual nuclear instances. Red circles highlight 
representative regions where nuclei are missed or incompletely segmented by one or more comparison 
methods but are successfully recovered by the proposed method.

Table 4 lists additional published results under their original annotation protocols. 
These methods are included to provide a broader literature context, whereas Table 3 focuses 
on comparisons under the controlled experimental protocol used in this study.
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5.2. Performance Versus Point Annotation Budget
Table 5 reports the test set performance at 5%, 10%, and 15% point annotation budgets 

using the nested sampling protocol described in Section 4.2. Figure 3 plots the corresponding 
Dice, AJI, and PQ scores at the three point annotation budgets. Each dataset and budget 
configuration was evaluated using a single training run.

Table 5. Segmentation performance across nested point budgets.

Dataset Point Ratio Dice AJI DQ SQ PQ

MoNuSeg 5% 0.8037 0.6283 0.8139 0.7471 0.6088
MoNuSeg 10% 0.7969 0.6233 0.8020 0.7518 0.6036
MoNuSeg 15% 0.7996 0.6253 0.8053 0.7505 0.6053

CPM17 5% 0.8214 0.6382 0.8148 0.7880 0.6437
CPM17 10% 0.8386 0.6653 0.8325 0.7937 0.6626
CPM17 15% 0.8350 0.6646 0.8342 0.7842 0.6566
CoNSeP 5% 0.6323 0.3666 0.4545 0.6941 0.3168
CoNSeP 10% 0.6590 0.3863 0.4822 0.6952 0.3370
CoNSeP 15% 0.6830 0.3951 0.4741 0.6948 0.3309

Figure 3. Dice, AJI, and PQ scores under different point-annotation budgets.

Across the nested point budgets, performance varied by dataset and metric. On 
MoNuSeg, changes across 5–15% points were modest: the Dice, AJI, DQ, and PQ scores 
were highest at 5%, whereas the SQ was highest at 10%. On CPM17, the Dice, AJI, SQ, and PQ 
scores peaked at 10%, while the DQ increased slightly further at 15%. On CoNSeP, the Dice 
score and AJI increase with the point budget, while the DQ and PQ peaked at 10% and the 
SQ remained nearly unchanged. Increasing the point budget did not consistently improve 
segmentation performance across the three datasets. Although the point subsets were 
nested, additional annotated centers did not necessarily translate into proportionally more 
valid pseudo-instance regions. Candidate availability, fallback reliability, and differences 
between independently trained downstream models may have limited the gains from 
additional supervision. However, the single-run results did not establish a specific saturation 
mechanism or its causal contribution.

6. Ablation and Additional Analyses
6.1. Ablation of Pseudo-Instance Supervision Sources

We evaluated four pseudo-instance supervision variants: Point-Disk, Voronoi–Cluster, 
SAM2-only, and our model (Table 6). Point-Disk generates local disk-shaped regions around 
completed centers. Voronoi–Cluster constructs regions through point-derived clustering 
and Voronoi partitioning. SAM2-only uses valid SAM2 proposals without fallback. Our 
model combines valid SAM2 proposals with point-derived fallback regions through joint 
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conflict resolution. All four variants used the same completed centers and followed the 
same downstream training and validation selection protocol.

To assess the contribution of fallback within the SAM2-based pipeline, we compared 
the SAM2-only model and our model under matched upstream conditions: completed 
centers, the SAM2 model, point prompts, and candidate filtering settings. Each supervision 
variant was used to train a separate HoVerNet model, with its checkpoint and postprocessing 
settings selected independently under the same validation protocol.

Table 6. Ablation of pseudo-instance supervision sources using HoVerNet at a 10% point budget.

Variant Disk VC SAM2 FB
MoNuSeg CPM17 CoNSeP

AJI PQ AJI PQ AJI PQ

Point-Disk ✓ — — — 0.5129 0.4558 0.4549 0.4038 0.3077 0.2020
Voronoi–Cluster — ✓ — — 0.5649 0.5262 0.4876 0.4536 0.3561 0.2738

SAM2-only — — ✓ — 0.5600 0.5710 0.6548 0.6620 0.2161 0.2327
Ours — — ✓ ✓ 0.6233 0.6036 0.6653 0.6626 0.3863 0.3370

Note: VC = Voronoi–Cluster; FB = fallback. Checkmarks indicate the supervision components used 
by each variant.

In Table 6, fallback-assisted joint assembly improved the AJI and PQ over SAM2-only 
supervision by 6.33 and 3.26 percentage points on MoNuSeg and by 17.02 and 10.43 per-
centage points on CoNSeP, respectively. On CPM17, the gains were smaller: 1.05 percentage 
points for the AJI and 0.06 percentage points for the PQ, with the PQ remaining nearly 
unchanged. The validation coverage analysis in Section 6.2 is consistent with missing region 
recovery contributing to the downstream gains, although it does not isolate their cause. 
CPM17 had a smaller validation coverage deficit, leaving a smaller proportion of completed 
centers eligible for fallback under the specified candidate validity criteria.

6.2. Coverage Recovery and Fallback Analysis
We measured the recovered nuclei and false additions to assess the effect of fallback 

on the validation pseudo-instance maps.
Table 7 reports the validation pseudo-map coverage and error measurements for 

MoNuSeg, CPM17, and CoNSeP using the definitions above. Figure 4 compares the coverage 
deficit and fallback ratio across the three validation splits. On MoNuSeg Val6, the audit 
reported a 37.59% coverage deficit and a 36.84% fallback-instance ratio. Among the added 
fallback instances, 541 were identified as useful fallback additions matched to ground-truth 
nuclei, corresponding to a useful fallback fraction of 47.04%.

Figure 4. Coverage deficit and fallback ratio across validation datasets.
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Table 7. Validation-split pseudo-instance map coverage and error analysis.

Dataset Audit 
Split

Coverage 
Deficit

Fallback 
Ratio

Useful 
Fallback NEW_TP FP

_LIKE
Delta
Recall Delta AJI Delta PQ Delta 

Prec

MoNuSeg Val6 37.59% 36.84% 47.04% 541 365 +0.2506 +0.1056 +0.0706 −0.0374
CPM17 Val4 18.20% 17.03% 27.59% 32 69 +0.0803 +0.0249 −0.0203 −0.0762
CoNSeP Val5 75.66% 75.53% 34.70% 686 1096 +0.4362 +0.1924 +0.0898 −0.1370

Note: Let 𝑈 denote the set of indices of completed centers without a valid SAM2 candidate, 𝑃̂ denote 
the completed-center set, and 𝑁FB denote the number of added fallback instances. Coverage deficit 
|𝑈|/|𝑃̂| and fallback ratio 𝑁FB/|𝑃| are image-macro means. The useful fallback fraction NEWTP/𝑁FB
and category counts are pooled. FP_LIKE denotes an unreliable addition under the audit matching 
rule, not a downstream false-positive prediction. Metric deltas are image-macro differences between 
fallback-assisted and SAM2-only validation pseudo-instance maps. All statistics are validation-based, 
not test results.

A separate MoNuSeg validation audit assigned each ground-truth nucleus to one 
mutually exclusive error category. It identified 1002 nuclei with a nearby completed center 
but insufficient proposal overlap and 87 covered nuclei that failed the final match after 
excluding merge and fragmentation cases. These are counts of the ground-truth nuclei 
and not counts of the SAM2 candidates. Their ratio was 11.52. The diagnostic used an IoU 
match threshold of 0.5, a center radius of 15 pixels, substantial coverage thresholds of 0.10 
IoU or 0.25 ground-truth coverage, and a boundary tolerance of two pixels.

The CPM17 Val4 audit contained 557 completed centers. Of these, 119 had no SAM2 
candidate passing the validity criteria, and 116 fallback instances were added. The image-
macro coverage-deficit and fallback ratios were 18.20% and 17.03%, respectively. The 
additions included 32 NEW_TP, 69 FP_LIKE, 15 merge and ambiguous cases with no 
duplicates. The useful fraction was 32/116 = 27.59%; this is not a precision estimate for 
the entire segmentation map. For this Val4 audit and its recorded configuration, all 438 
baseline masks were observed to be unchanged, and the 397 common matched instances 
had zero change in the IoU and boundary F1 score. The audit’s image-macro pseudo-map 
deltas were +0.0803 recall, +0.0249 AJI, −0.0203 PQ, and −0.0762 precision.

Figure 5 presents a MoNuSeg example to illustrate how fallback supplemented the 
regions absent from the SAM2-only proposal map.

Figure 5. Qualitative visualization of fallback-based coverage recovery. Different colors denote 
individual nuclear instances for visual distinction.

Compared with the SAM2-only baseline, fallback-assisted assembly added regions 
that were previously missing, providing a visual illustration of the coverage gains reported 
in Table 7. Together with the precision decreases observed in the validation audits, these 
results indicate that fallback expanded supervision coverage but did not guarantee that 
every added region corresponded to a true nucleus.
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6.3. Computational Overhead
We measured the offline computational overhead of the proposed framework on 

MoNuSeg, CPM17, and CoNSeP using an NVIDIA GeForce RTX 5060 Ti GPU (16 GB; 
NVIDIA Corporation, Santa Clara, CA, USA). Measurements used the frozen configurations 
and a 10% point annotation budget. The runtime benchmarks for all three datasets used 
Python 3.10.21, PyTorch 2.8.0+cu129, and torchvision 0.23.0+cu129. We processed the 
complete training split of each dataset, with a Stage 1 inference batch size of 16.

Table 8 reports the processing time and peak GPU memory for Stage 1 center completion 
and Stage 2 pseudo-instance generation. Stage 1 required 0.8501, 0.2511, and 0.7826 s per 
image on MoNuSeg, CPM17, and CoNSeP, respectively. The network-only inference latency 
ranged from 1.231 to 1.359 ms per 224 × 224 tile. Stage 2 required 20.3869, 5.8887, and 
15.8614 s per image, respectively, excluding shared preprocessing.

Table 8. Computational overhead of offline pseudo-instance generation at the 10% point annotation 
budget.

Dataset Stage 1 
(s/Image)

Stage 1 
(ms/Tile)

Stage 1 
VRAM 
(GiB)

Stage 2 
(s/Image)

Stage 2 
VRAM 
(GiB)

Total (s)

MoNuSeg 0.8501 1.359 0.403 20.3869 0.788 1250.43
CPM17 0.2511 1.283 0.403 5.8887 0.788 256.69
CoNSeP 0.7826 1.231 0.403 15.8614 0.788 995.56

Note: Measurements cover the complete training splits (MoNuSeg = 24 images; CPM17 = 28; CoNSeP 
= 22). Stage 1 used 224 × 224 tiles with an inference batch size of 16. Its per-image time includes 
complete center recovery, while the per-tile time measures network inference only. The Stage 2 per-
image time excludes shared Voronoi–cluster preprocessing, which was included once in the total 
processing time. VRAM refers to the peak GPU memory allocated by PyTorch (version 2.8.0+cu129), 
measured separately for each stage, including model weights. Reported times exclude Stage 1 and 
downstream segmentation network training.

Total offline pseudo-label generation took approximately 1250.43, 256.69, and 995.56 s 
for the complete MoNuSeg, CPM17, and CoNSeP training splits, respectively, including 
the required shared preprocessing. Stage 2 accounted for most of the measured offline 
generation time. This cost occurs during pseudo-label construction and does not affect 
downstream segmentation inference, which uses only the trained segmentation network.

These measurements reflect the implemented offline pseudo-label generation workflow. 
No additional inference-specific optimization, such as cross-image SAM2 model reuse or 
prompt batching, was applied.

7. Downstream Validation
Validation with HoVerNet and StarDist

Table 9 reports the results for HoVerNet and StarDist trained with the same pseudo-
instance generation protocol. HoVerNet uses foreground and center-offset targets, while 
StarDist uses object probabilities and radial distances [2,3]. The architecture-specific prepa-
ration is described in Section 3.5. These experiments evaluated whether the generated 
supervision could be transferred across different downstream architectures.
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Table 9. Downstream validation using the same pseudo-instance generation protocol with architecture-
specific target preparation at a 10% training point budget.

Dataset Student Target Preparation Point 
Budget Dice AJI DQ SQ PQ

MoNuSeg HoVerNet Pseudo-instance labels → NP and 
HV targets 10% 0.7969 0.6233 0.8020 0.7518 0.6036

MoNuSeg StarDist Pseudo-instance labels → object 
and radial targets 10% 0.7792 0.6100 0.8092 0.7141 0.5787

CPM17 HoVerNet Pseudo-instance labels → NP and 
HV targets 10% 0.8386 0.6653 0.8325 0.7937 0.6626

CPM17 StarDist Pseudo-instance labels → object 
and radial targets 10% 0.8282 0.6437 0.8442 0.7659 0.6480

8. Discussion
8.1. Proposal Coverage as the Observed Bottleneck

The MoNuSeg validation diagnostic contained more ground-truth nuclei without 
sufficient proposal coverage than nuclei assigned to covered-boundary failure. This pattern 
supports studying fallback-assisted coverage recovery while retaining an explicit account of 
false additions. Joint conflict resolution can reassign or ignore overlap pixels, as described 
in Section 3.4. Nakai and Hotta also reported a recovery-versus-over-segmentation trade-
off when supplementing SAM pseudo-labels [19]; our diagnostic examined this trade-off 
for center-triggered instance additions. The category counts depended on the diagnostic 
thresholds; boundary refinement may still benefit covered nuclei.

8.2. Dataset-Dependent Effect of Fallback
On MoNuSeg Val6, the no-valid-candidate coverage deficit and fallback ratio were 

near 37%; fallback produced 541 newly matched instances. On CPM17 Val4, the no-valid-
candidate deficit was near 18%; fallback produced 32 new true positives and 69 FP-like 
instances. These audits link fallback gains to recovered nuclei while also documenting false 
additions. The benefit depended on whether centers eligible for fallback corresponded 
to true nuclei. On CoNSeP Val5, the coverage-deficit and fallback ratios were higher (ap-
proximately 76%), but only 34.70% of the fallback-added instances were classified as newly 
matched true positives (Table 7), illustrating that fallback reliability varied across the 
datasets. The substantially higher coverage-deficit ratio on CoNSeP indicates that a larger 
proportion of completed centers lacked valid SAM2 proposals under the selected filtering 
criteria. Together with the relatively low useful fallback fraction, this suggests that limited 
proposal coverage and unreliable fallback additions may constrain downstream perfor-
mance. However, these validation audits do not establish the independent contribution of 
individual stages or specific tissue characteristics to the observed performance gap.

Future work could explore an adaptive gating mechanism based on center confidence 
and local region consistency to suppress unreliable fallback regions, particularly in clut-
tered backgrounds. Such a mechanism would require validation-based calibration and 
independent evaluation before application to held-out test data.

8.3. Future Improvement of Proposal Selection
Future work could evaluate geometry-aware selection among foundation model candi-

dates. Such selection is outside the reported pipeline and would require separate validation.
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8.4. Annotation Efficiency and Downstream Use
The experiments evaluated segmentation under a small point annotation budget and 

the use of the generated supervision in HoVerNet and StarDist. Each model received its 
native targets after architecture-specific preparation. SAM2 added computational cost 
during pseudo-label generation, while downstream inference used images alone.

8.5. Limitations
Fallback addresses missing proposals but cannot correct every center detection error, 

merged SAM2 proposal, displacement, or boundary error. The useful fallback fractions were 
47.04% on MoNuSeg, 27.59% on CPM17, and 34.70% on CoNSeP. Many fallback additions 
were therefore not classified as newly matched true positives.

The evaluation covered three datasets and two downstream architectures, which limits 
conclusions about other tissues, staining conditions, and model families. Cross-dataset 
coverage differences are conditional on the present pipeline and cannot establish an intrinsic 
ordering of dataset difficulty.

The training split required only sparse center point annotations. A small, fully an-
notated validation subset was used for the predeclared checkpoint, operating-point, and 
hyperparameter selection procedures described in Section 3.6, while test annotations were 
used to score frozen outputs. Dense instance masks did not enter training optimization 
or pseudo-label construction. SAM2 introduced a one-time computational cost during 
pseudo-label generation but was not required for downstream inference.

9. Conclusions
In this study, we proposed a sparse point-to-pseudo-instance supervision framework 

for annotation-efficient nuclei instance segmentation. The framework converts sparse cen-
ter annotations into instance-level pseudo-supervision through curriculum-based center 
completion, foundation model-guided proposal generation, and fallback-assisted region 
recovery. The generated pseudo-instance labels can be transformed into architecture-
specific training targets for different segmentation models, as demonstrated with HoVerNet
and StarDist.

Experiments on MoNuSeg, CPM17, and CoNSeP demonstrated that the proposed 
framework can support nuclei instance segmentation under limited point annotation bud-
gets. The cross-architecture validation further showed that the generated supervision can 
be transferred to different downstream segmentation networks. In addition, the validation 
analysis revealed that fallback recovery improved supervision coverage while introducing 
additional false regions, indicating that its effectiveness depends on balancing proposal 
availability, center accuracy, and precision preservation.

Overall, this work demonstrates the feasibility of generating transferable pseudo-
instance supervision from sparse point annotations and provides a practical direction for 
reducing annotation requirements in histopathology image analysis. Future work will 
investigate more adaptive proposal selection and robust recovery strategies to further 
improve pseudo-label quality and generalization across diverse tissue conditions.
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