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Abstract. Cell instance segmentation models trained on cell-specific
datasets suffer severe performance drops on out-of-distribution cell types,
while interactive foundation models overcome this through per-instance
prompting at a cost that is prohibitively expensive for histopathology
images containing hundreds to thousands of densely packed instances.
We introduce Group Prompting, a new paradigm that shifts interactive
segmentation from per-instance O(N) to per-type O(T), where a single
click per cell type suffices to segment all instances of that type. Our key
observation is that the frozen image encoder of the Segment Anything
Model (SAM) already clusters same-type cells in its feature space before
any prompt is given. Exploiting this property, we propose Chain-of-
Prompts (CoP), a training-free framework that recursively expands a
single user click by (1) identifying reliable same-type locations through
non-parametric gating of multi-scale encoder features, and (2) selecting
the most spatially distant reliable point as the next prompt to maximize
coverage. On three cell-type-annotated benchmarks, CoP with one click
per type retains over 90% of per-instance performance and surpasses
fully-supervised methods without any additional training. On four mor-
phologically homogeneous benchmarks, a single click retains over 99%.
Project Page: shjo-april.github.io/Chain-of-Prompts
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1 Introduction

Cell instance segmentation is essential for quantitative analysis in computational
pathology, yet existing cell-specific methods [20,3] remain fundamentally con-
strained by their training data. Whether unsupervised [11], weakly-supervised
[8], or fully-supervised [7], these approaches learn cell representations tied to
specific tissue types and cell morphologies encountered during training, lead-
ing to severe performance degradation on out-of-distribution (OOD) cell types
(see Fig. 1). Recent interactive foundation models such as SAM3 [2] offer an
alternative by accepting per-instance point prompts, enabling segmentation of
arbitrary cell types without task-specific training. However, unlike natural im-
ages [4,14] where object numbers are in the tens, histopathology images [18,5]
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Fig.1. One Click per Cell Type is All You Need. Pretrained models fail to
identify unseen types and their performance is limited to a specific cell type (red dashed
boxes). While SAM3 [2] generalizes, it requires per-instance clicks (e.g., 245). Our CoP
achieves 92.7% of the upper bound performance [2] with only 3 clicks.

contain hundreds to thousands of densely packed cell instances, making per-
instance prompting prohibitively expensive in practice. This contrast motivates
a paradigm shift from per-instance prompting, which scales as O(N) with the
number of cells, to per-type group prompting at O(T), where a single click per
cell type suffices to segment all instances of that type.

A common strategy to reduce per-instance cost is to generate pseudo prompts
(e.g., points) automatically using external open-vocabulary or cell-specific detec-
tion models [15,24,10]. However, these detectors are trained on specific cell and
tissue types and therefore inherit the same OOD limitation (see Fig. 1). In this
work, we bypass external detectors by leveraging a key intrinsic property of SAM
[12,2,1]. Because SAM’s architecture dictates that the image encoder must em-
bed all instance information before receiving user prompts at the decoding stage,
its frozen feature space inherently performs instance-aware encoding. When com-
bined with shared morphological traits (e.g., size, shape, staining pattern), this
naturally gives rise to cell-type-aware clustering without any supervision. As a
result, computing similarity from a cell’s feature reliably activates other cells of
the same cell type across the image.

While this intrinsic property provides the theoretical foundation for prop-
agating a single click to all instances of the same cell type, directly exploit-
ing it presents two challenges. First, SAM’s multi-scale features dictate a strict
trade-off between spatial precision and type selectivity: high-resolution features
localize densely but activate background regions with similar texture, whereas
low-resolution features accurately isolate cell types but blur adjacent instances
due to limited resolution. Second, naive one-shot propagation is highly sensitive
to similarity thresholds, yielding either excessive false positives or missed cells.

To address these challenges, we propose Chain-of-Prompts (CoP), a training-

free framework that recursively leverages newly discovered cells as prompts for
subsequent propagation. CoP consists of two complementary components. First,
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Fig.2. From 245 Clicks to 3: Group Prompting. Manual prompting requires
one click per instance; our group prompting propagates each click to all same-type
instances, reaching 92.7% of the upper bound with 81.7x fewer prompts.

Hierarchical Similarity Gating (HSG) combines SAM’s multi-scale features to
non-parametrically identify reliable cell points recursively, achieving precision
above 96% without any learnable parameters. Second, Farthest Prompt Recur-
sion (FPR) ensures comprehensive tissue coverage by selecting the next prompt
farthest from all prior clicks, maximizing spatial diversity by uncovering cells in
unexplored regions. By iterating these two steps, our CoP expands from a single
click to segment most of the same-type cells. On three benchmarks [5,6,21], CoP
uses only O(T) per-type clicks and retains over 90% of O(N) per-instance perfor-
mance of SAM3 [2] with 97% reduction in annotation cost, while outperforming
fully-supervised models [9,7,22] (see Fig. 2). Our contributions are as follows:

— We introduce Group Prompting, shifting interactive segmentation from per-
instance O(N) to per-type O(T) interaction, thereby reducing annotation cost
from the number of cells to the number of cell types while remaining robust
to out-of-distribution cell types without cell-specific training.

— We propose Chain-of-Prompts (CoP), a training-free framework that re-
cursively expands prompt coverage while maintaining high precision (>96%)
at each iteration.

— On seven benchmarks, CoP retains over 90% of per-instance performance on
cell-type-annotated datasets [5,6,21] and over 99% on morphologically homo-
geneous datasets [13,18,16,23], outperforming fully-supervised methods [9,7,22]
that require complete mask annotations for training.

2 Method

The proposed Chain-of-Prompts (CoP) is a training-free framework that
discovers all same-type cells from a single user click and produces their instance
masks. CoP operates exclusively on the frozen features of a pretrained SAM
image encoder (e.g., SAM3 [2]), which extracts a high-resolution feature map
Fy, € RP*H/AXW/4 414 a low-resolution feature map F; € RP*H/16xW/16 g5y
an input image I. As illustrated in Fig. 3, CoP comprises two components. First,
Hierarchical Similarity Gating (Sec. 2.1) leverages the complementary strengths
of Fj, and F} to identify a high-precision set of reliable points R(?) from the initial
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Fig.3. Overview of Chain-of-Prompts (CoP). A frozen SAM encoder extracts
F}, and F; once per image. For each user click p, (%), HSG (Sec. 2.1) produces ini-
tial reliable points R via hierarchical similarity and connected-component labeling
(CCL). FPR (Sec. 2.2) then expands R by iteratively prompting the farthest uncov-
ered point (@) until no new points are found. All propagated points per cell type are
finally decoded into instance masks.

prompt. Second, Farthest Prompt Recursion (Sec. 2.2) then iteratively selects
new prompts from this reliable set to expand spatial coverage until convergence
(R =R®). The resulting point set is decoded into instance masks via SAM’s
decoder.

2.1 Hierarchical Similarity Gating

A single feature scale cannot simultaneously achieve spatial precision and type
selectivity. F}, localizes individual cells even among tightly packed neighbors,
but also activates tissue regions with similar texture beyond the target cell type.
Conversely, F; selectively responds to the target type, but its coarse resolution
causes neighboring instances to merge. HSG addresses this trade-off by combin-
ing both scales via element-wise gating to obtain a reliable point set R with high
precision.

Given a point prompt p per cell type, we interpolate F; to match the spatial
resolution of F}, and compute two cosine similarity maps: Sy, (z) = cos(Fp(x), Fn(p))
and S;(z) = cos(Fi(x), Fi(p)). The element-wise product Sy, ®.S; suppresses false
activations in Sy, that fall outside the target cell type according to .S;, while pre-
serving spatially precise responses (Fig. 3, HSG). We then binarize the gated
map with a non-parametric threshold 7 = p(Sp © S;) + o(Sp © S;), inspired
by COIN [11], and apply connected-component labeling (CCL) to extract the
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similarity-weighted centroid from each connected region, as it provides a simple
and deterministic way to convert dense activations into discrete point prompts
without additional hyperparameters. The resulting centroids form the reliable
set R(O) = {e1,...,cK}, which typically covers cells near the initial prompt but
misses spatially distant instances.

2.2 Farthest Prompt Recursion

While HSG identifies highly reliable cells in the local vicinity of the prompt,
feature similarity naturally decays across distant, morphologically diverse tissue
regions. Consequently, a single prompt yields lower precision for distant cells.
FPR addresses this by automatically selecting the point in R®) that is farthest
from all previously used prompts Q*) = {po,...,p:} at each iteration ¢:

Pi41 = argmax min |jc — g2 (1)
ceR®  q€QM

By computing distance in image coordinates rather than feature space, we ensure
each new prompt explores spatially uncovered tissue regions without feature
drift. The selected prompt p;y1 is then fed back into HSG as a new prompt.
Newly discovered points from the next round of HSG are merged into the reliable
set: R = ROUHSG (ps4 1, Fi, Fi). This cycle repeats until no new points are
discovered (R*+D = RM®), indicating that every target cell that shares feature
similarity with the initial click instance has been identified. Finally, each point
r € R is decoded into an instance mask via SAM’s decoder, where overlapping
predictions are resolved through non-maximum suppression at IoU > 0.5.

3 Experiments

3.1 Implementation Details

All compared methods use their official code and pretrained weights. Open-
vocabulary methods [24,10] use “cell” as the text prompt; for visual prompt-
ing, we provide a cropped cell patch as the reference image. Interactive base-
lines [12,19,2,1] receive N foreground clicks simulated by computing the centroid
of each GT instance mask. Fully-supervised methods [9,7,22] are evaluated using
their publicly released models trained on their respective datasets. CoP requires
only T clicks (one per cell type present) for cell-type-annotated datasets and a
single click for datasets without type labels, where most instances are morpho-
logically similar and thus behave as a single cell type.

All experiments run on a single NVIDIA RTX A6000. On a 1000x 1000 input,
SAM3 image encoding takes ~2s as a one-time cost; each subsequent CoP click
(HSG propagation + FPR until convergence) completes in ~4 s on average, with
individual FPR iterations at ~170 ms. A typed image with T'=3 cell types thus
finishes in under 15s excluding the encoder forward pass. Since CoP operates
entirely in feature space without backpropagation, it adds negligible memory
overhead beyond the frozen encoder.
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Table 1. Quantitative comparison on cell-type-annotated benchmarks. 7 text prompt
(i-e., “cell”), V: visual prompt (reference image patch), M: pixel-level supervision for
training, Pn: one point per instance, Pr: one point per cell type.

CoNIC CoNSeP GlaS
Method Prompt | \ 1 Dice | AJI4+ Dice t| AJIT Dice 4
YOLOE [24] 1cov-zs T 0.000  0.057 | 0.000 0.000 | 0.000 0.000
SAMS [2] reLr-ze T 0.450  0.696 | 0.000 0.001 | 0.000 0.002
Rex-Omni [10] cverzs T 0.002 0.056 | 0.151 0.316 | 0.004 0.154
YOLOE [24] 1covzs v 0.028 0.110 | 0.000 0.000 | 0.001 0.303
SAMS3 [2] reLrzs v 0.390  0.620 | 0.000 0.001 | 0.000 0.003
Rex-Omni [10] cveras v 0.045 0.269 | 0.126 0.348 | 0.016 0.125
CellViT [9] searaas M 0.371  0.670 | 0.495 0.802 | 0.265 0.643
CA-SAM2 [7] acoares M 0.269 0.561 | 0.382 0.700 | 0.213  0.593
CellPose3 [22] nat. Methoaszs M 0.173  0.333 | 0.158 0.354 | 0.033  0.080
USAM [1] Nat. Methods2s Py | 0705 0.834 | 0.316 0.470 | 0.279  0.529
1 CoP (Ours) Pr  |0.652 0.791 | 0.286 0.431 | 0.252 0.491
SAMS3 [2] reLrzs Py | 0641 0795 | 0.411 0.760 | 0.327 0.704
+ CoP (Ours) Pr  |0.579 0.759 | 0.374 0.729 | 0.292 0.673

We evaluate on seven cell instance segmentation benchmarks using their of-
ficial test splits. Three provide cell-type annotations: CoNIC [6] (6 types), CoN-
SeP [5] (4 types), and Gla$S [21]. Four contain instance masks without type labels:
MoNuSeg [13], TNBC [18], CryoNuSeg [16], and CPM-17 [23]. Following prior
studies [6,7], we report AJI (instance-level overlap with false-positive penalty)
and Dice (pixel-level foreground overlap).

3.2 Comparison with State-of-the-art Approaches

Evaluating on three cell-type-annotated benchmarks (Tab. 1), interactive mod-
els (e.g., [2]) and open-vocabulary detectors (e.g., [24,10]) use text/visual (T /V)
prompts to avoid per-instance interaction. However, they fail to generalize: SAM3 2]
yields predictions only on CoNIC [6], whereas Rex-Omni [10] is restricted to CoN-
SeP [5]. This is because text/visual prompt pathways depend on domain-specific
alignment learned during training, whereas point prompts bypass this alignment
and directly query the frozen image encoder, whose features already separate cell
instances regardless of domain (Fig. 5). Fully-supervised methods [9,7,22] simi-
larly suffer out-of-distribution degradation: on CoNIC [6], the strongest baseline
CellViT [9] achieves an AJI of only 0.371, well below zero-shot point-prompted
models. Qualitatively (Fig. 4), supervised baselines miss entire cell populations,
whereas CoP discovers them via recursive feature propagation from user clicks.
Using only ~3 clicks per image (one per cell type), CoP with SAM3 reduces
prompt costs by >97% versus per-instance annotation (Py), retaining >90% of
Pn performance across all three benchmarks.
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Fig. 4. Qualitative comparison on CoNIC [6]. Fully-supervised methods miss cell pop-
ulations absent from their training set (red dashed boxes), whereas CoP discovers them
from a single click per type.
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Fig.5. UMAP [17] of SAM’s frozen image encoder features at GT instance centroids.
The UMAP embeddings are extracted from the input image used in Fig. 2. (a) Fj
mixes cell types; (b) F} groups same-type cells without any training.

On four benchmarks without cell-type annotations (Tab. 2), instances within
each image are morphologically homogeneous, forming a single cell type. CoP
therefore operates from one click per image, propagating it to all instances via
iterative FPR. Under this setting, CoP retains over 99% of the per-instance
prompting performance for both uSAM [1] and SAM3 [2], while consistently
outperforming fully-supervised methods [22,7].

3.3 Ablation Study

We ablate the core design choices of CoP on CoNIC [6]. With all proposed
components enabled, CoP achieves AJI 0.579 (90% of the per-instance upper
bound 0.641, Tab. 1). Each component is critical: recursive propagation accounts
for 65% relative AJI gain, multi-scale gating contributes 20-39% (depending on
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Table 2. Quantitative results on benchmarks without cell-type annotations. Most
cells share similar morphology within each image, allowing CoP to segment from one

click.
Method MoNuS(?g TNBC. CryoNuSeg CPM-lj?
AJI Dice AJI Dice AJl Dice AJl Dice
CellViT [9] meararzs 0.676 0.832 | 0.669 0.817 | 0.492 0.800 | 0.703 0.853
CA-SAM2 [7] miccarzs 0.645 0.807 | 0.644 0.799 | 0.468 0.781 | 0.657 0.819
CellPose3 [22] Nat. Methodszs | 0.316  0.499 | 0.224 0.365 | 0.140 0.303 | 0.326 0.479
1SAM [1] Nat. Methods’25 0.732 0.849 | 0.809 0.893 | 0.567 0.746 | 0.763 0.753
+ CoP (Ours) 0.729 0.845 | 0.805 0.884 | 0.563 0.745 | 0.754 0.749
SAM3 [2] 1cLri26 0.712 0.838 | 0.752 0.863 | 0.518 0.706 | 0.766 0.874
+ CoP (Ours) 0.706 0.837 | 0.750 0.864 | 0.503 0.696 | 0.761 0.871

which scale is removed), and performance is robust to initial-click choice (£0.003
std). We isolate each contribution below.

— Effect of recursive propagation. Without FPR (Sec. 2.2), HSG (Sec. 2.1)

alone produces reliable points only near the initial click, reaching AJI 0.203
(—65%, 10.376). Adding FPR (Sec. 2.2) restores AJI to 0.579, confirming that
recursive expansion is essential for whole-image coverage.

Selection strategy within FPR (Sec. 2.2). Farthest-point (0.579) out-
performs closest-point (0.492, —15%, /0.087) and midpoint (0.515, —11%,
10.064), both of which tend to revisit covered areas. Thus, FPR resolves
the spatial coverage bottleneck of HSG (Sec. 2.1) by maximizing prompt-
to-prompt distance.

Multi-scale similarity gating of HSG (Sec. 2.1). Replacing S, ©®S; with
Sh, alone degrades AJI to 0.463 (10.116), as precision drops below 0.60 by t=15
due to tissue-level false positives propagating through each recursion. Using
S; alone yields 0.351 (10.228), as its coarse resolution causes poor prompt
localization. S, ® S; maintains precision above 0.96 throughout all iterations
at comparable recall. This is because F}, extracted from deeper layers with a
larger receptive field, encodes overall morphology and naturally clusters cells
by their semantic identity (Fig. 5), while Fj}, precisely locates cell centers but
with high semantic uncertainty. By gating them together, HSG filters out the
spatial noise of F}; and the semantic uncertainty of Fj,.

Initial Click Sensitivity. We repeat all CoNIC experiments (Tab. 1) with
30 random seeds. CoP achieves a mean AJI of 0.579 £ 0.003, indicating that
performance is robust to the choice of initial prompt location.
Representative Failure Modes. CoP inherits the base model’s limitations:
instances that SAM3 [2] cannot segment from a correct point prompt will also
be missed by CoP. CoP further assumes that same-type cells share coherent
appearance in feature space, which may not hold under extreme morphological
heterogeneity within a single cell type.
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4 Conclusion

In this paper, we present Chain-of-Prompts (CoP), a training-free framework
that discovers and segments all same-type cells from a single user click by recur-
sively propagating prompts through frozen SAM features. Our key finding is that
SAM’s frozen image encoder already clusters same-type cells in its multi-scale
feature space before any prompt is given, and CoP exploits this intrinsic prop-
erty through non-parametric gating without additional training. Across seven
diverse benchmarks, CoP retains over 90% of per-instance performance while
requiring up to 97% fewer clicks, generalizes to unseen cell types without adap-
tation, and even surpasses fully-supervised methods. By reducing hundreds of
manual annotations to a single click per cell type, CoP demonstrates that inter-
active foundation models can be leveraged far more efficiently than the current
paradigm assumes, establishing group prompting as a practical and scalable al-
ternative for clinical workflows.
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