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Abstract. Accurate 3D delineation of prostate cancer lesions in bi-
parametric MRI (bpMRI) supports targeted biopsy and therapy plan-
ning, yet clinical reports typically provide only sparse 2D measurements
or a single contour. We present SAPP (Spacing-Aware Prompt Propagation),
a prompt-to-volume adaptation of SAM 2 that converts one clinical
prompt on a single slice (diameter, box, circle, or contour) into a co-
herent 3D lesion mask from multimodal bpMRI. SAPP couples adaptive
multimodal fusion for accurate image-level prompted segmentation with
a spacing-aware volume-level prompt propagation module. The propaga-
tion uses spacing-decayed, confidence-gated streaming-memory attention
and a learned stop rule to prevent leakage in anisotropic volumes. Trained
on 3,256 scans from 7 institutions, SAPP generalizes to 14 held-out co-
horts (3,504 fully annotated scans plus 516 routine-care weak-label stud-
ies), achieving 0.84/0.81 DSC on the prompted slice (box/diameter) and
0.86/0.78,/0.76 DSC for volumetric masks (oracle-mask/box/diameter),
consistently outperforming baselines while reducing over-propagation.
Beyond segmentation, SAPP can accelerate annotation workflows and
enable scalable generation of high-quality volumetric lesion masks, sup-
porting the development of robust clinical ATl models.

Keywords: Prostate MRI - Promptable foundation models - Multi-
modal fusion - Spacing-aware propagation - Weak supervision

1 Introduction

Prostate cancer (PCa) is a major global health burden and a leading cause of
cancer morbidity [23]. Prostate MRI has become central to clinical workflows
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Fig. 1: Left: bpMRI volumes are often anisotropic; through-plane spacing varies across
protocols (3.0 vs. 6.7mm), so uniform slice-to-slice propagation can leak into lesion-
absent slices. Right: lesion evidence is complementary across modalities (T2w, diffusion
cues, gland priors), motivating multimodal fusion. As shown, vanilla fusion loses lesion
specificity, whereas our approach yields a more lesion-focused fused representation.

because it improves lesion localization and enables targeted biopsy and treat-
ment planning [2, 24]. Delineating the dominant lesion in 3D further supports
biopsy targeting, focal therapy planning, and longitudinal assessment. However,
accurate 3D PCa lesion segmentation remains challenging: lesion boundaries are
often subtle or partially indistinct, and reliable interpretation typically requires
simultaneously considering complementary cues across multiple MRI modalities
rather than relying on any single modality [24]. Figure 1 highlights two practi-
cal obstacles that frequently break naive adaptations of promptable models to
bpMRI: lesion evidence is distributed across modalities, and axial slice spacing
varies substantially across protocols.

Full volumetric lesion annotation is therefore expensive and subjective: man-
ual contouring is time-consuming and exhibits substantial inter-rater variabil-
ity [4,12]. As a result, large clinical archives often contain partial supervision,
such as a single-slice diameter, a 2D contour on the most suspicious slice, or
a coarse region-of-interest, instead of complete 3D masks. A practical system
should leverage these routine annotations to recover coherent 3D masks with
minimal effort; such masks can in turn supervise downstream models, e.g., lesion-
mask priors improve PI-RADS scoring on external cohorts [34].

Promptable segmentation foundation models offer a natural mechanism to
convert partial labels into dense masks. Segment Anything Model (SAM) pro-
duces strong 2D segmentation from simple prompts and generalizes across many
natural image distributions [13], and SAM 2 extends this interface to images and
sequences via streaming memory and prompt-based mask propagation [21]. Re-
cent medical adaptations improve domain transfer and interaction efficiency [14,
18, 29|, but most remain primarily image-centric or do not explicitly address
volumetric anisotropy in clinical MRI. Applying promptable models to prostate
bpMRI raises three intertwined challenges.
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Challenge 1: multimodal fusion under heterogeneity. bpMRI evidence
is distributed across modalities (T2w, ADC, high-b DWI) with different con-
trast mechanisms and failure modes. Previous work on incomplete multimodal
learning and missing-modality robustness [9,17,25, 33|, probabilistic distillation
for missing modalities [5], and multimodal medical pre-training [22] highlights
the value of cross-modality correlations. However, these fusion strategies are
typically designed for task-specific architectures and do not directly yield SAM-
compatible patch tokens under prompt conditioning, motivating a lightweight
fusion mechanism tailored to SAM 2.

Challenge 2: lifting sparse 2D prompts to volumetric masks. Routine su-
pervision is often a diameter/ROI or a single contour rather than full 3D masks.
Interactive/prompt-based models can reduce annotation burden [15,28,30], and
recent efforts adapt SAM to 3D medical data (e.g., SD-Trans in Med-SA [29] or
treating volumes as sequences via SAM 2 propagation [21]). Yet reliable prompt-
to-volume completion remains challenging at lesion boundaries and under do-
main shift, especially across diverse scanners and protocols. Prior promptable
3D methods either propagate 2D mask/box prompts on generic volumes (e.g.,
PAM [6], Sli2Vol+ [3]) or rely on broad CT-oriented spatial/class prompts (e.g.,
SegVol [8], VISTA3D [10]), and do not target the heterogeneous sparse 2D clin-
ical prompts and multimodal anisotropic geometry of prostate bpMRI.
Challenge 3: anisotropic geometry breaks uniform propagation as-
sumptions. Memory-based propagation is a powerful paradigm in video object
segmentation (e.g., AOT [31], DeAOT [32], XMem [7]) and is core to SAM 2’s
streaming memory design [21]. Unlike videos, bpMRI volumes are often anisotropic
with variable through-plane spacing, where adjacent slice indices can correspond
to large physical gaps. Naively propagating over slice index can therefore leak
into lesion-absent tissue, motivating propagation that explicitly accounts for
physical distance and learns when to stop.

Our approach. We present SAPP, a spacing-aware prompt propagation frame-
work for multimodal prostate lesion segmentation in bpMRI. At inference, SAPP
follows a two-step pipeline: (i) image-level prompted segmentation on the prompted
slice using SAM 2 in image mode, and (ii) bidirectional volume-level prompt
propagation over axial slices using SAM 2 streaming memory. The method is
built around two reusable components: an adaptive multimodal fusion module
(Sec. 2.3) used in both steps, and a spacing-aware propagation module (Sec. 2.4)
that modulates memory attention by physical spacing, applies confidence gating,
and predicts a stop signal.

We train on 3,256 scans from 7 institutions and evaluate on 14 held-out co-
horts, including 11 cohorts with full 3D masks (3,504 scans) and 3 routine-care
cohorts with weak clinical annotations (516 scans), demonstrating robust gener-
alization across scanners, protocols, and annotation formats. Our contributions
are threefold:

— We formulate prompt-to-volume PCa lesion segmentation in bpMRI and
propose SAPP, combining SAM2-image prompted segmentation with SAM 2
streaming-memory volume completion under a unified prompt interface.
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Fig.2: Overview of SAPP. Image-level: given a single-slice clinical prompt (di-
ameter /box/circle), SAPP predicts the prompted-slice mask using SAM 2 in image
mode. Volume-level: the mask is then lifted to a coherent 3D lesion segmentation via
bidirectional prompt propagation along axial slices using SAM 2 streaming memory.
Module 1 AMF (light orange) performs adaptive multimodal fusion and is reused in
both steps; Module 2 (dark orange) augments propagation with spacing-aware mem-
ory modulation and a slice stop gate.

— We introduce two reusable modules—adaptive multimodal fusion and spacing-
aware propagation—that extend promptable foundation models to multi-
modal MRI and reduce leakage in anisotropic volumes.

— We provide large-scale multi-center evaluation on 14 held-out cohorts (11
full-mask + 3 weak-label), showing consistent gains over strong specialist
and promptable baselines under clinically realistic prompts.

2 Methods

2.1 Problem formulation

Each case contains a co-registered multimodal volume X = {X(™)}, - with
X(m) ¢ REXWXN “where M denotes the available modality (T2w, ADC, high-b
DWTI). If unavailable from the clinical site, the gland prior is predicted from the
T2W image [27]. Given a prompt p on a single slice s, our goal is to predict a
volumetric lesion mask Y € {0, 1}H*W>N When multiple lesions are present,
each is treated as an independent object.

We support four clinically common prompt types that reflect different effort—
accuracy trade-offs in routine reporting: (i) diameter — two endpoints marking
the longest lesion axis, (ii) box — an axis-aligned bounding box, (iii) circle —
a circular region-of-interest, and (iv) single-slice mask — a full 2D contour
on one slice. Each prompt type is mapped to the SAM 2 prompt encoder II:
diameter endpoints are densified into evenly spaced positive points along the
segment (acting as a scribble-like cue, inspired by [28]), circles are rasterized
into binary masks, boxes are passed directly, and single-slice masks serve as
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Fig. 3: Key components of SAPP. modal-
ity tokens (T2w/ADC /high-b DWI, optionally a gland prior [27]) query a global context
via cross-attention to produce SAM 2-compatible fused tokens for prompted segmenta-
tion. Module 2 (Spacing-aware propagation): streaming-memory attention is modulated
by physical inter-slice distance Az via a Gaussian decay (length-scale o.) and a

to reduce over-propagation.

dense mask prompts. Additional prompt construction details are provided in
Sec. S2 (Fig. S1). The resulting embedding e, = II(p) conditions the image-
level prediction on slice s, which is then propagated volumetrically.

2.2 Overview

Figure 2 summarizes SAPP. We build on SAM 2’s prompted segmentation inter-
face and its streaming-memory propagation mechanism [21]. Our method follows
a two-stage design: (1) we predict slice-level mask on the prompted slice using
SAM 2 image mode, and (2) we lift this prediction to a coherent 3D volume-
level lesion mask by bidirectional volume-level propagation using SAM 2 video
mode applied to the axial slice modalities. Crucially, the two key medical-specific
modules are illustrated in Fig. 3. We detail the training objective and parameter-
efficient adaptation in Sec. 2.5.

2.3 Module 1: Adaptive multimodal fusion (AMF) for bpMRI

Motivation. SAM 2 offers a strong promptable segmentation backbone pretrained
at scale on RGB images/videos [21], but bpMRI violates its 3-channel input as-
sumptions. Naively squeezing multimodal bpMRI into an RGB interface (e.g.,
stacking/averaging) can entangle modality-specific cues and effectively caps the
number of usable inputs [34]. We implement Module 1 (Fig. 3, left) as a fusion
block that maps the available modalities into SAM 2, enabling us to reuse the
frozen pretrained encoder for both image-level and volume-level segmentation.

Tokenization and global context. For each slice n, we encode every available
modality through a lightweight CNN stem ¢,,, consisting of a strided convolution
(kernel size matching the encoder patch size), layer normalization, and GELU
activation T%m) = Om (x%m)) € RFP XC7 where P is the number of spatial tokens
(matching the ViT patch grid) and C is the token dimension. We simultane-
ously compute a global context representation from the channel-concatenated
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multimodal input using a shared stem ¢cty:
T = e (concatmeM X7(.Lm)) e RPXC, (1)

Context-injected fusion tokens. We enrich each modality with information
from the global context via multi-head cross-attention (each modality queries
the global context):

T(™ = T(™ + MHCA(Q(T{™), K(T™), V(T™)), (2)
and compute modality weights through a channel-wise gating function,

w{™ = sigmoid (W, GAP(T(™) +b,) € (0,1)°, (3)

where GAP is global average pooling over tokens and W, € R“*¢ b, € R¢
maps pooled tokens to the weight vector w. The fused token representation is
Tglse — Zme./\/l wgm) ® T%m)

Rather than replacing SAM 2’s pretrained patch projection, we map THuse
to a three-channel spatial feature map Ige € R3*HXW via a lightweight projec-
tion head; this map is passed through SAM 2’s native patch embedding convo-
lution, preserving the pretrained positional encodings and early attention pat-
terns. AMF is applied to every slice and shared across stage I (Image-level) and
stage IT (Volume-level). To handle missing or corrupted modalities, we train it
with modality dropout (Sec. 2.5).

2.4 Module 2: Spacing-aware propagation for volumetric completion

Propagation as a memory-conditioned sequence model. We treat the axial stack
as an ordered sequence of slices with physical positions {z,}_; obtained from
DICOM metadata. Starting from the prompted slice s, we perform forward and
backward propagation. At slice ¢, SAM 2 predicts a mask m; conditioned on
image features and a memory bank B; of key-value embeddings computed from
previously segmented slices. We augment memory attention leveraging physical
slice spacing. (Fig. 3 right).

Spacing-aware attention decay. Standard video propagation weights memory
entries largely by appearance similarity. In MRI, slice index difference is a poor
proxy for geometric proximity; we therefore modulate memory utilization by
physical distance Az, j = |z, — z;| between the current slice ¢t and a memory slice
j. We use a Gaussian kernel with a global length-scale o, (mm):

Az
202’ , 0, = 3.3 mm. (4)

wgco(ta j) = exp <

We set o, to the median through-plane spacing in our cohort and report a
sensitivity analysis over o, in Sec. S5 (Tab. S4).

We additionally down-weight unreliable memory entries using a confidence
gate based on SAM 2 confidence (predicted IoU @; and optional objectness o,)
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and our slice gate g;: Weon(j) = sigmoid(y@; + 3) -sigmoid(o;) - g;, where vy, 5 are
learnable scalars trained in Stage II (shared across layers/heads). We combine
them as w(t, j) = Wgeo(t, J) Weont(J)-

We implement logit-level gating by adding a slice-wise bias to memory cross-
attention. For a current token u and a memory token v from memory slice 7,

.
q ,uk A”U .
Ch (o) = tﬁ tlogw(t,j), Gy, () = softmax(jy) (Gu,e), ()

where dj, is the key/query dimension.

Soft-to-hard stop gate. Even with spacing-aware attention, propagation can
drift into healthy tissue once the lesion disappears. We introduce a slice-level
lesion gate that predicts whether slice ¢ contains any lesion content. Let {FE” Yeer
denote hierarchical encoder features from several depths. We upsample them to
a common resolution, concatenate, and apply a lightweight classifier:

g0 = sigmoid (C (GAP(concatse Up(F(")) ) € [0,1]. (6)

During inference, if g; < 7 we set m; = 0, skip writing this slice into memory,
and terminate propagation in that direction.

2.5 Training objectives and optimization

Parameter-efficient adaptation (LoRA). We keep SAM 2’s pretrained im-
age encoder frozen and adapt the model by training only lightweight components:
the prompt encoder, mask decoder, memory-attention layers (video mode), and
our proposed modules. In addition, we inject low-rank adapters (LoRA) into se-
lected attention/MLP projections of the frozen encoder. For a linear projection
with frozen weight Wy, LoRA learns a rank-r update AW = 2BA (only A, B
are trainable), yielding h = (W + AW)x, where A € R™**¥ and B € R¥*",
with r <« min(d, k).

Losses. Let my; € [0,1]"*" and m,; € {0,1}*" denote the predicted and
ground-truth masks for slice ¢. Define a binary label y; = I(||my||; > 0) and the
positive/negative slice sets Tt ={t € T :yy =1} and T~ ={t € T : y. = 0}.
We optimize Dice+BCE on positive slices,

1 N .
Lseg = W Z (L:Dice(mta m;) + ApceLBcr (N, mt))v (7)

teT+

We train the stop gate with BCE over all slices and suppress leakage on negative
slices using a soft-gated foreground penalty:
1 1 .
Egate = T Z LBCE(gt; yt)a Eneg = 7 Z Hgt thr (8)
71 2= T 2

The overall objective is £ = Lgeg + AgateLgate T AnegLneg-
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Training robustness. We apply stochastic modality dropout (randomly mask-
ing one or more input modalities) and simulate clinical prompts from full masks
with structured noise (endpoint jitter, box slack, mask dilation/erosion), forc-
ing the model to remain robust to incomplete inputs and imprecise annotations
encountered in practice. Full augmentation details are detailed in Tab. S1.

3 Datasets and Experiments

3.1 Dataset and Annotation

The training dataset consists of 3,256 prostate bpMRI examinations collected
from seven clinical institutions (Private-1 to Private-7). Each study includes
axial T2w, high b-value DWI, and ADC modalities. T2w and DWI are acquired
in the same examination and rigidly registered with visual quality control. After
registration and preprocessing, the dataset contains 145,974 2D slices used to
train the multimodal model.

To evaluate generalization, we benchmark the model on an independent test
set of 3,504 studies (228,531 2D slices) collected from 11 institutions, including
eight private clinical cohorts (Private-8 to Private-15) and three public datasets
(ProstateX, Prostatel58, and TCIA [1,16,20]). In addition, we curate 516 studies
(23,682 slices) from three routine-care cohorts derived from real-world clinical
practice, where lesion annotations are available for both standard clinical mea-
surements (lesion diameters) and curated 2D lesion contours.

Annotations were produced in two stages: routine clinical 2D annotation
(typically a single-slice contour or longest-axis diameter on the maximal-lesion
slice) was extended through the volume by a trained annotation team into full
3D masks, reviewed by a fellowship-trained prostate-MRI radiologist. The 2D
prompts in our experiments are thus grounded in real clinical annotations, while
the 3D masks serve as expert-reviewed references for prompt-to-volume eval-
uation. For a unified protocol across sites with differing raw prompt formats,
we standardize prompts into common diameter/box/circle/oracle-mask formats
derived from the finalized masks. Lesions with PI-RADS > 3 were labeled as pos-
itive. Table 1 summarizes the dataset splits. Additional details on the datasets
and preprocessing pipeline, including a per-site inventory (data size, annotation
type, and spacing statistics), are provided in the Supplementary. All datasets
were retrospectively collected, de-identified before analysis, and used under site-
specific governance, including local IRB approvals or waivers where applicable.

Table 1: Overview of multi-center datasets. Train and primary test sets contain full
3D lesion masks; routine-care cohorts provide only standard clinical annotations (2D
contours or lesion diameters).

Split Institutions #Scans #Images Label type
Train 7 3,256 145,974 Full 3D masks
Test 11 3,504 228,531 Full 3D masks

Test (2D) 3 516 23,682 2D contour / diameter
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3.2 Experimental Setup
Prompt regimes. We evaluate prompts under two regimes:

1. Image-level: On cohorts with full 3D masks, we evaluate on all axial slices
that contain a lesion and generate three routine geometric prompts from
the slice’s 2D ground truth: (i) diameter as the endpoints of the longest
in-mask chord (maximum-length line segment fully contained in the lesion),
(ii) box as the tight axis-aligned bounding box, and (iii) circle as the
lesion’s circumscribed (minimum enclosing) circle. Bounded perturbations
are applied to mimic clinical imprecision (Table S1). On routine-care cohorts,
we use the site-provided clinical prompt directly.

2. Volume-level: For propagation, we focus on the largest 3D connected com-
ponent in the ground truth. All slice-k prompts (diameter/box/circle) are
generated from the 2D mask of this component on slice k. We additionally
report an (iv) oracle-mask upper bound, where the prompt is the unper-
turbed 2D ground-truth mask on slice k.

Evaluation protocol and metric. Following prior prostate SAM adaptations,
we use Dice similarity coefficient (DSC) as the primary metric [34]. For prompted-
slice evaluation, we compute 2D DSC on slice k£ only and report mean+std
across lesions per cohort. For prompt-to-volume evaluation, we run bidirectional
propagation from slice k and compute 3D DSC between the full predicted vol-
ume and the 3D ground-truth mask, reported as mean+std per cohort. Predic-
tions are not clamped to the prompt region, reflecting real clinical prompts that
can be imprecise. For methods that output multiple candidate masks, we select
the one with the highest model-predicted IoU (no ground-truth-based selection).
We additionally report HD95 (mm) and false-positive slice rate (FPR-S; fraction
of predicted-positive slices outside the GT lesion extent) in Table S6 to quantify
boundary error and over-propagation.

Baselines. For image-level (2D) comparison we include nnU-Net [11] trained
on our dataset, pretrained SAM (ViT-B) [13] and MedSAM [18], and Scrib-
blePrompt [28], -lMedSAM [26], and PCaSAM [34] (we disable automatic prompt
generation for fair prompted setting) using the same training dataset. For volume-
level (3D) comparison we include nnU-Net [11] trained on our dataset, pretrained
SAM2 (ViT-B+) [21], MedSAM2 [19], and Medical SAM 2 [35]. All baseline
methods used stacked 3 modalities as input. All prompt-based methods receive
identical simulated prompts and are evaluated on the same held-out cohorts.
The public SAM 2-family baselines are evaluated using their released check-
points without additional finetuning on our private prostate-bpMRI training
set; protocol-specific finetuning could improve these baselines and remains an
important future benchmark.

Implementation Details. We adapted pretrained SAM 2-image (ViT-b) for
prompted-slice segmentation and SAM 2-video for volumetric propagation [21],
trained on four NVIDIA H100 80 GB GPUs with AdamW (weight decay 0.01,
cosine schedule, 5% warmup). Stage I trains AMF and LoRA adapters for 100
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Table 2: Prompted-slice (image-level) lesion segmentation across 11 held-out cohorts.
Values are DSC (mean+std) computed on the prompted slice and aggregated across
lesions within each cohort. Best in bold, second underlined.

Method Private-8 Private-9 Private-10 Private-11 Private-12 Private-13 Private-14 Private-15 ProstateX Prostatel58 TCIA Avg
nnUNet [11] 0.47 0.45 0.56 0.55 0.60 0.57 0.49 0.43 0.50 0.44 0.39 0.50
Diameter prompt (2D slice)

SAM [13] .5 0.49 0.61 0.59 0.64 0.60 0.54 0.47 0.55 0.48 0.42 0.54
ScribblePrompt [28] 0.53 0.50 0.63 0.62 0.67 0.64 0.56 0.49 0.57 0.51 0.45 0.56
I-MedSAM [26] 0.56 0.52 0.65 0.64 0.69 0.66 0.59 0.51 0.59 0.53 0.47 0.58
MedSAM [18] 0.66 0.62 0.76 0.75 0.80 0.77 0.70 0.63 0.68 0.60 0.56 0.68
PCaSAM [34] 0.77 0.73 0.85 0.86 0.90 0.88 0.80 0.73 0.79 0.69 0.65 0.79
Ours 0.81 0.75 0.89 0.90 0.92 0.92 0.83 0.76 0.81 0.74 0.67 0.82
Box prompt (2D slice)

SAM [13] 0.55 0.52 0.64 0.63 0.67 0.65 0.58 0.50 0.57 0.51 0.44 0.57
ScribblePrompt [28] 0.58 0.54 0.66 0.66 0.70 0.68 0.60 0.53 0.59 0.54 0.47 0.60
I-MedSAM [26] 0.60 0.56 0.68 0.68 0.72 0.70 0.63 0.55 0.61 0.56 0.49 0.62
MedSAM [18] 0.70 0.67 0.79 0.81 0.84 0.82 0.75 0.66 0.71 0.62 0.58 0.72
PCaSAM |[34] 0.80 0.78 0.89 091 0.93 0.92 0.86 0.78 0.83 0.73 0.70 0.83
Ours 0.84 0.81 0.92 0.94 0.95 0.94 0.89 0.80 0.84 0.76 0.72 0.86

epochs (Ir 1x107%); Stage II initializes from Stage I and trains propagation-
specific parameters (spacing-aware attention, confidence calibration, stop gate)
for 100 epochs (Ir 5x107°). The development split is patient-level (2,605/651
train/validation), and the loss weights are Agcr = 1.0, Agate = 0.3, and Apeg =
0.1. We apply modality dropout to each input with probability pgrop=0.1 per
sample. At inference, we propagate bidirectionally from the prompted slice, stor-
ing up to 8 memory entries with gating threshold 7=0.5. Training-time augmen-
tations and further hyperparameters are provided in Table S1 and S3.

3.3 Quantitative Results

Prompted-slice lesion segmentation. We first isolate the image-level stage
I performance by evaluating segmentation on the prompted slice alone, without
volumetric propagation. Table 2 reports prompted-slice DSC across 11 held-out
cohorts under bounding-box and diameter prompts. Circle prompt results are
provided in Table S5.

As a detection-and-segmentation reference, nnU-Net (2D) achieves 0.50 mean
DSC without any user-provided localization, confirming that cross-site lesion de-
lineation remains challenging when the model must both detect and delineate.
Among prompted methods, vanilla SAM reaches 0.57/0.54 (box/diameter), ex-
posing a substantial natural-to-medical domain gap. Medical pretraining narrows
this gap (MedSAM: 0.72/0.68), and prostate-specific multimodal modeling im-
proves further (PCaSAM: 0.83/0.79). Our StageI achieves the highest accuracy
at 0.86/0.82, with consistent gains across cohorts including the most challenging
sites (Private-8/9, TCIA). We attribute this to AMF learning spatially adaptive
modality weighting via cross-attention, combined with prompt augmentation
that exposes the model to realistic annotation noise during training.

Table 3: Prompted-slice segmentation on routine-care diameter labels (516 studies, 3
sites). DSC mean=std.

Method / DSC  SAM-B [13] MedSAM [18] PCaSAM [34] SAPP (Stagel)
Diameter 0.54 0.69 0.74 0.83
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Table 4: Prompt-to-volume (volume-level) lesion segmentation across 11 held-out co-
horts. Starting from slice k, we run bidirectional propagation and report 3D DSC
(meantstd) per cohort. Best in bold, second underlined within each prompt block;
circle results are in Table S5.

Method Private-8 Private-9 Private-10 Private-11 Private-12 Private-13 Private-14 Private-15 ProstateX Prostatel58 TCIA Avg
nnUNet [11] 0.40 0.37 0.43 0.45 0.51 0.47 0.46 0.36 0.48 0.39 0.33 0.42
Single-slice diameter prompt (3D propagation)

SAM 2 [21] 0.48 0.47 0.62 0.60 0.65 0.66 0.53 0.46 0.56 0.43 0.37 0.53
Medical SAM2 [35] 0.55 0.52 0.66 0.64 0.70 0.69 0.61 0.51 0.62 0.47 0.41 0.58
MedSAM2 [19] 0.58 0.54 0.67 0.66 0.72 0.71 0.63 0.53 0.61 0.49 0.43 0.60
SAPP 0.75 0.72 0.84 0.86 0.89 0.90 0.80 0.71 0.81 0.67 0.61 0.78
Single-slice box prompt (3D propagation)

SAM 2 [21] 0.5 0.50 0.63 0.62 0.67 0.66 0.57 0.48 0.59 0.46 0.40 0.55
Medical SAM2 [35] 0.58 0.55 0.68 0.69 0.73 0.74 0.63 0.53 0.64 0.50 0.44 0.61
MedSAM2 [19] 0.60 0.57 0.72 0.70 0.75 0.74 0.65 0.55 0.66 0.52 0.46 0.63
SAPP 0.76 0.76 0.87 0.91 0.91 0.91 0.82 0.72 0.80 0.70 0.62 0.80
Single-slice oracle mask prompt (3D propagation)

SAM 2 [21] 0.64 0.61 0.74 0.76 0.80 0.82 0.69 0.58 0.70 0.55 0.50 0.67
Medical SAM2 [35] 0.69 0.66 0.78 0.81 0.84 0.85 0.74 0.64 0.75 0.61 0.56 0.72
MedSAM2 [19] 0.71 0.68 0.82 0.81 0.86 0.87 0.76 0.66 0.77 0.63 0.58 0.74
SAPP 0.85 0.82 0.92 0.94 0.96 0.97 0.89 0.81 0.90 0.78 0.72 0.87

Replacing a box with a diameter prompt reduces spatial constraint and de-
grades all methods by ~0.04 DSC on average. In Table S5, we additionally report
circle prompting (0.75+0.12 DSC for our method); circles can include substantial
surrounding tissue, making axis-aligned boxes the most informative prompt type
in this setting. Pairwise improvements of SAPP over PCaSAM are statistically
significant across all cohorts (Wilcoxon signed-rank test, p<0.01 after Bonferroni
correction for 11 comparisons).

As a complementary evaluation, Table 3 reports results on 516 routine-care
studies from three additional sites (Private-16-18) using site-provided diame-
ter measurements as prompts and curated 2D contours as ground truth. Since
these annotations are coarse, DSC should be interpreted as a consistency check
rather than an absolute accuracy measure. The ranking from the fully anno-
tated cohorts is preserved: our method achieves 0.83 mean DSC (+5 points over
PCaSAM, +14 points over MedSAM), with the wider margin suggesting that
prompt augmentation confers disproportionate robustness to real-world mea-
surement noise.

Prompt-to-volume lesion segmentation. We next evaluate the full pipeline
(Stage I + II) when supervision is limited to a single prompted slice. Table 4
reports volumetric DSC across 11 held-out cohorts under diameter, box, and
oracle mask prompts; circle prompt results (0.74+0.12 mean DSC) are reported
in Table S5.

Our method achieves 0.78/0.80/0.87 mean DSC under diameter /box/oracle
prompts, improving over the strongest baseline (MedSAM2) by +18/+17/+13
points respectively. The gains widen under weaker prompts, indicating that
spacing-aware propagation and the stop gate are most beneficial when the 2D
predicted mask is imprecise and propagation must compensate for residual uncer-
tainty. The prompt-type ranking mirrors the image-level results, with boxes out-
performing diameters by 2-3 points. As an unprompted reference, nnU-Net,(3D)
reaches only 0.42 mean DSC, about half our diameter-prompted result, under-
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Table 5: Robustness to imperfect single-slice prompts, averaged over all held-out co-
horts. We perturb prompt geometry (mask dilation/erosion, box jitter) and prompt-
slice selection. Metric: 3D DSC (mean=std).

Method Mask dilate (5 px) Mask erode (5px) Box boundary jitter Second-largest slice Random lesion slice
MedSAM2 [19] 0.63 0.62 0.65 0.69 0.56
SAPP w/o prompt aug 0.71 0.70 0.68 0.77 0.63
SAPP (full) 0.75 0.74 0.72 0.82 0.71

scoring the value of minimal clinical input. Per-site HD95 and FPR-S are in
Table S6.

3.4 Robustness analysis

Robustness to imperfect prompts. In practice, clinicians do not always
prompt on the slice of maximal lesion extent; the reported slice may correspond
to whatever cross-section was most conspicuous during reading. We evaluate
Stage II under five realistic perturbations applied to the single-slice prompt,
averaged over all held-out cohorts (Table 5).
Mask dilation, erosion, and box jit- oso}
ter each degrade MedSAM?2 to 0.62-0.65 085
DSC, while our full model retains 0.72— ooy
0.75 DSC. Removing prompt augmen- il
tation during training yields compara-
ble fragility, confirming that structured
prompt noise is essential and that the
propagation modules alone do not confer
robustness to systematic 2D mask bias. o Slice spacing (mm) *
The more clinically relevant perturbation
is prompt-slice selection. On the second- Fig.4: Effect of anisotropic spac-
largest lesion slice, our method retains ing. We stratify test volumes by na-
0.82 DSC (—4 points), indicating that a tive through-plane spacing and report
slightly sub-optimal slice choice has lim- ™" 3D DSC within each bin un-
ited impact. However, prompting on a der the oracle-mask prompt propaga-
random lesion-containing slice, which can tion setting. All methods degrade with

‘ ; coarser spacing; SAPP shows the shal-
correspond to a marginal cross-section lowest decline. Curves marked as abla-

near the lesion boundary, reduces perfor-  tjong remove spacing decay or the stop
mance to 0.71 (=15 points); MedSAM2 gate.
drops to 0.56 (—18 points).

This gap reflects a fundamental asym-
metry: propagating outward from a small 2d mask requires the model to expand
into unseen lesion extent, whereas propagating inward from a large mask only
requires progressive contraction of a well-initialized mask. Spacing-aware decay
and the stop gate partially mitigate drift over longer propagation distances, but
small-to-large expansion remains the most challenging regime.
Slice-spacing stratification. Prostate MRI protocols vary widely in through-
plane spacing (Sec. 2.4; spacing statistics in Figure S2). To isolate how spacing

0.70 -

0.65

Dice score

e
@
S

0.55

0.50 [~
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affects propagation, we bin all test volumes by native slice spacing and report
mean DSC within each bin under the oracle-mask prompt propagation setting
(Fig. 4).

At fine spacing (< 2.0 mm), adjacent slices are highly correlated and all meth-
ods perform reasonably. As spacing increases, performance degrades for all meth-
ods, but the rates differ markedly. SAM 2 drops from ~0.78 at 1.5 mm to ~0.51
at 6.0mm (about —28 DSC points), consistent with the increasing mismatch
between video-style propagation and sparsely sampled volumes. Medical adap-
tation improves the curve but remains spacing-sensitive (MedSAM2: ~0.82 —
~0.57, about —25 points). Our full model shows the shallowest decline (~0.86 —
~0.72, about —14 points) and retains the highest DSC across all spacing bins.

Ablations confirm the complementarity of Module 2’s components: removing
spacing decay steepens the decline to ~20 points, while removing the stop gate
yields ~18 points, indicating that the decay attenuates memory across large
physical gaps and the gate prevents propagation beyond the lesion extent.

3.5 Ablation studies

Table 6 ablates key design choices of SAPP under the oracle-mask 3D setting,
averaged over all held-out cohorts. This isolates (i) multimodal fusion (Module 1)
and (ii) modifications to SAM 2 streaming-memory propagation (Module 2).
Module 1: Fusion strategy. Replacing our fusion with late fusion (PCaSAM-
style) degrades both overlap and boundary accuracy (DSC 0.78 vs. 0.85). Late
fusion is also heavier, running the image encoder separately per modality. Early
fusion (channel stacking w/o cross-attention) is worse still (DSC 0.75), sug-
gesting that learning modality-specific tokens before context-conditioned fusion
is important. Removing the gland-prior input in an auxiliary ablation reduces
oracle-mask 3D DSC by ~ 0.08, indicating that the prior helps localization but
is not the sole source of the gain.

Module 2: Spacing-aware propagation. Module 2 consists of (a) spacing-
decayed memory attention and (b) the soft-to-hard stop gate. Removing spacing
decay hurts more than removing the stop gate alone (—11 vs. —9 points), indicat-
ing that explicit awareness of physical inter-slice gaps is the primary driver, while

Model variation DSC 1 Table 7: Inference efficiency on a sin-
gle H100 GPU (batch size 1), one le-

Late fusion 0.78 sion per volume; wall-clock time and

Early fusion w/o cross-attn 0.75 peak GPU memory (lower is better).

w /o spacing decay 0.74 Prompt-based methods use one oracle

w /o soft-hard gate 0.76 prompt. PCaSAM reports repeated

w/o Module 2 0.73 slice-wise 2D inference.

SAPP (full) 0.85

Table 6: Ablations under the oracle-mask Method Time (s) } Peak GPU (GB) |

prompt setting, averaged over held-out cohorts. SAM2 [21] 5.8 9.6

Metric: 3D DSC (meanstd). Module 2 con- MedicalSAM2 [35] 6.3 104

) . MedSAM2 [19] 7.1 12.8

sists of spacing decay + stop gate. PCaSAM [34] 10.3 15.3

SAPP (full) 4.5 8.9
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Qurs: DSC =0.902 nnUNet: DSC = 0.495
aoc e mee T AbC .

Fig.5: Qualitative comparison of prompt-to-volume segmentation (ADC shown)
from a single-slice prompt (yellow box). We visualize axial/coronal (Cor)/sagittal (Sag)
views with error overlays (TP /F'P /FN; colors as indicated). Dice scores are per-volume
for this example. Baselines show false-positive leakage into lesion-absent slices, while
SAPP better preserves lesion extent with fewer FP (e.g., 0.902 vs. nnU-Net 0.495,
SAM 2 0.721, MedSAM2 0.811).

the stop gate complements it by preventing beyond-extent leakage. Removing
both (w/o Module 2) yields the largest drop (DSC 0.73). Notably, w/o Module
2 (0.73) matches the strongest public MedSAM2 checkpoint (0.74, Table 4), so
the full gain emerges only after adding propagation. This isolates Module 2’s
contribution beyond prostate-specific adaptation. This leakage reduction also
shows in over-propagation metrics: under the oracle prompt, SAPP attains a
false-positive slice rate of 0.06 versus 0.30 for SAM 2 (Table S6). The confidence
factor is not ablated separately, as it is tightly coupled to the stop decision; the
w /o soft-hard gate row removes confidence-controlled stopping.

Inference efficiency. Table 7 compares wall-clock time and peak GPU memory.
SAPP is faster than SAM2 and Medical SAM 2 variants (4.5s vs. 5.8-7.1s)
because the stop gate terminates propagation early in most volumes, avoiding
unnecessary decoding on lesion-absent slices. PCaSAM is slower and uses more
memory in part because it computes multiple image-encoder embeddings across
modalities. Peak memory is also lower for SAPP (8.9 GB), consistent with early
termination reducing the number of decoded slices and written memory entries.

3.6 Qualitative comparison: propagation failures and false positives

Figure 5 visualizes a representative lesion example under a single-slice prompt.
We overlay true positives (TP), false positives (FP), and false negatives (FN)
to highlight where errors arise across views. While prior prompt-based baselines
can recover the lesion core, we frequently observe over-propagation into lesion-
absent slices, producing extensive FP regions. In contrast, our spacing-aware
propagation suppresses leakage and preserves a coherent 3D extent, yielding
substantially fewer FP and higher overlap. These qualitative findings align with
our quantitative gains and support the role of physical spacing and explicit
stopping in prompt-to-volume segmentation. Additional qualitative results are
provided in Sec. S7 (Figs. S3 and S4).

4 Discussion and Limitations

Our method works best when the prompt falls on or near the maximal lesion
slice, matching typical reporting practice. The main failure modes are extremely
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small lesions, severe diffusion distortion or misregistration, and diffuse margins
where even expert delineation is ambiguous; the stop gate can also terminate
prematurely in heterogeneous lesions with abrupt appearance changes. Current
limitations include a global spacing decay parameter and fixed stopping thresh-
old (per-volume adaptation may help), the assumption of aligned multimodal
inputs, and retrospective-only evaluation. By design, SAPP performs prompt-to-
volume completion, lifting a routine 2D prompt into a coherent 3D mask rather
than discovering unprompted lesions; extending it toward automatic detection
is a natural next step.

5 Conclusion

This paper introduces SAPP, a prompt-to-volume framework that adapts SAM 2
to multimodal prostate bpMRI by combining adaptive multimodal fusion for
image-level prompted segmentation with spacing-aware, confidence-gated prompt
propagation and a learned stop gate for volume-level completion. Across 14 held-
out cohorts, extensive experiments and robustness analyses show that SAPP reli-
ably lifts minimal clinical prompts to coherent 3D lesion masks and outperforms
specialist and foundation-model baselines. Finally, given evidence that lesion-
mask priors can improve PI-RADS scoring on external cohorts [34], prompt-
propagated 3D labels may support label-efficient training of downstream detec-
tion and risk stratification pipelines at scale.

Disclaimer The concepts and information presented in this paper are based on
research results that are not commercially available. Future commercial avail-
ability cannot be guaranteed.
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