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Abstract. Ultrasound video segmentation is clinically valuable yet dif-
ficult due to speckle noise, weak boundaries, and rapid anatomical de-
formation. Recent promptable foundation models enable point-guided
segmentation, but their direct deployment in ultrasound remains unreli-
able: a single point provides insufficient spatial context to resolve scale
ambiguity, and greedy memory updates amplify early errors into severe
temporal drift. We present EchoPilot, a training-free framework for ul-
trasound video segmentation under sparse first-frame interaction, requir-
ing only a single point click and an anatomical category name. EchoPilot
orchestrates a frozen medical vision-language model (VLM) for seman-
tic localization, a vision foundation model (VFM) for dense geometric
feature extraction, and a promptable video segmentor for mask predic-
tion and propagation. To resolve initialization ambiguity, we propose
Scale-Space Semantic Prompting, which first selects an optimal con-
textual view via a parameter-free S.E.E.D. (Semantic Energy—Entropy
Density) criterion, and then synthesizes geometrically precise auxiliary
point prompts from dense foundation features without additional user
interaction. To reduce propagation drift, a Reliability-Gated Mem-
ory update is further introduced to selectively freeze the segmentor’s
memory bank under uncertain predictions, preventing error accumula-
tion. We also contribute the first dynamic fetal placenta ultrasound
video segmentation dataset with 671 annotated frames. Across three ul-
trasound video datasets, EchoPilot achieves state-of-the-art performance
under the sparse-interactive setting, consistently outperforming training-
free baselines and finetuned specialists.

Project page: https://keeplearning-again.github.io/EchoPilot/.

Keywords: Video Object Segmentation - Sparse Interaction - Training-
Free - Ultrasound.

1 Introduction

Video Object Segmentation (VOS) typically assumes a semi-supervised setting
where a first-frame mask is propagated through the video [24,6,4,3,18,17]. Recent
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Fig. 1. Setting and concept of EchoPilot. (a) Existing point-guided and text-
guided VOS paradigms suffer from initialization ambiguity or require task-specific fine-
tuning. (b) EchoPilot orchestrates three frozen foundation priors—a medical VLM, a
VFM, and a video segmentor—without any fine-tuning. (c) Our category-anchored
sparse interaction requires only a single point click and an anatomical category name
on the first frame.

foundation models for interactive segmentation—mnotably SAM 2 [20] and med-
ical adaptations [26,27,15,2,28,10]—have reshaped this paradigm by enabling
point-guided video segmentation, where sparse clicks or boxes can replace dense
masks. Text-conditioned variants like SAM 3 [1] and MedSAM 3 [13] further al-
low users to specify semantic intent through natural language, suggesting a prac-
tical path toward clinician-friendly VOS with minimal interaction (Fig. 1(a)).

Ultrasound is uniquely suited to real-time bedside assessment due to its
portability, safety, and low cost [16], yet it remains one of the most challeng-
ing modalities for automated segmentation, as images are inherently degraded
by speckle noise, acoustic artifacts, weak and fluctuating boundaries [23,11].
Consequently, sparse point prompts on a single frame often under-determine the
segmentation task (Fig. 1(c), top): a click specifies a location but may still match
multiple plausible structures. Although an anatomical category provides seman-
tic intent, it does not specify the target size, surrounding context, or boundary
shape in noisy ultrasound videos. The appropriate contextual scale around the
click—neither too large, which includes confusing nearby anatomy, nor too small,
which removes useful cues for identification—therefore cannot be inferred from
the point alone. In the video setting, such initialization ambiguity is particularly
detrimental: once a segmentor commits to an incorrect interpretation, greedy
memory-based propagation reinforces and compounds the error over time, re-
sulting in persistent object drift [7,21,5].

A common solution in ultrasound segmentation research is to collect task-
specific video annotations and fine-tune models for each anatomy, protocol, or
device domain. However, annotation is expensive, susceptible to inter-observer
variability [25], and fragile to domain shift across hardware and imaging set-
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tings [14,8]. While training-free VOS has been explored under dense first-frame
masks in surgical instrument segmentation [28], the combination of training-
free inference with sparse first-frame interaction remains largely unaddressed
for ultrasound video segmentation. We therefore study training-free, sparse-
interactive ultrasound VOS, where all models are kept frozen at inference
time and tracking is driven only by a single first-frame point click and an anatom-
ical category name.

We propose EchoPilot, a training-free pipeline that targets the two domi-
nant failure modes in this setting: initialization ambiguity and error amplifica-
tion during propagation. The key observation is that different pretrained priors
capture complementary cues for sparse-interactive VOS (Fig. 1(b)): a medical
vision—language model (VLM) provides text-grounded semantic evidence about
what to segment, a vision foundation model (VFM) supplies dense appearance
features to refine where to prompt, and a promptable video segmentor handles
temporal correspondence for mask propagation. A Reliability-Gated Memory up-
date policy further regulates the memory bank, preventing uncertain predictions
from contaminating subsequent frames and reducing drift. EchoPilot is directly
compatible with existing point-guided video segmentors (e.g., SAM 2 [20], Med-
SAM 2 [15]). We also curate the first dynamic fetal placenta ultrasound VOS
dataset with 671 annotated frames. We evaluate on three ultrasound datasets
spanning diverse anatomies, boundary conditions, and motion dynamics.

Our contributions are as follows: (1) we introduce EchoPilot, a plug-and-
play framework for training-free ultrasound VOS from a single first-frame click
and an anatomical category name; (2) we propose Scale-Space Semantic
Prompting with S.E.E.D., a parameter-free energy—entropy criterion for VLM-
guided scale selection, together with Reliability-Gated Memory to reduce
propagation drift; (3) we curate the first dynamic fetal placenta ultrasound VOS
dataset and demonstrate consistent gains over training-free baselines and fine-
tuned specialists across three ultrasound video datasets.

2 Method

2.1 Problem Setup and Overview

Given an ultrasound video {It}fz_ol, a user provides a single positive point pg
and an anatomical category name C on the first frame Iy. Our goal is to predict a
segmentation mask M; for each frame t in a training-free manner. The category
name is a task-level descriptor (e.g., “placenta”) fixed per clinical protocol. After
initialization, the segmentor operates solely on point prompts.

As illustrated in Fig. 2, EchoPilot consists of two stages. Stage I (t=0) re-
solves initialization ambiguity by determining what to segment and where to
prompt: it identifies a contextual scale where the target anatomy is semantically
recognizable and spatially dominant, then synthesizes geometrically precise aux-
iliary point prompts within the selected region. Stage II (¢t>0) stabilizes tem-
poral propagation by controlling when to update the segmentor’s memory bank,
preventing unreliable predictions from contaminating subsequent frames.
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Fig. 2. Overview of EchoPilot. At t=0 (Stage I), the S.E.E.D. criterion selects an
optimal contextual scale via a frozen medical VLM, and a VFM refines point prompts
within the selected region. For t>0 (Stage II), a reliability-gated write policy controls
which predicted frames enter the SAM 2/MedSAM 2 memory bank, suppressing error
accumulation.

2.2 Stage I: Scale-Space Semantic Prompting

A single point click is ambiguous in ultrasound since the visible context depends
on the observation scale: too-narrow views are dominated by speckle, while too-
wide views introduce competing structures. We search for a scale where the
target anatomy is both semantically identifiable and spatially prominent.

Multi-scale Crops and VLM-based Attribution. We generate K center
crops {Cy }_, around py at decreasing scale factors oy. For each crop, a frozen
medical VLM encodes the image and category name via its image encoder ;4
and text encoder &, yielding a clamped cosine similarity:

Ssem (k) = max(O, cos(Eimg(C’k), Stm(C))). (1)

This score indicates whether the crop matches the target but not where. Follow-
ing [30], we extract a text-conditioned spatial attribution map Ay € R"*% (where
hxw is the VLM spatial token grid) by backpropagating Sger, (k) through the
VLM’s attention layers. For spatial token ¢ at layer [:

c
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where wél) is the channel importance weight (gradient of S, with respect to

Elli o) wgl)(i) is the spatial importance weight
(normalized attention affinity between the class-token query qgi and the key kl(l)
of token 7), and vl(lg is the corresponding value at channel c. ¥(-) denotes affinity

normalization that suppresses sparse responses [30]. We aggregate over the last

the class-token attention output o

L layers (A, = + >, A,(Cl)) to reduce layer-specific localization noise.

S.E.E.D. Contextual Scale Selection. S, alone cannot distinguish under-
zoomed crops where the anatomy is recognizable but occupies only a small frac-
tion of the view. We introduce S.E.E.D. (Semantic Energy—Entropy Density),
a parameter-free criterion that couples average attribution strength with spatial
dispersion under a semantic constraint. Together, energy density suppresses dif-
fuse low-confidence responses, while normalized entropy discourages overly col-
lapsed attribution patterns that often arise from speckle or isolated edges. We
normalize Ay, into a distribution Py (i) = Ag(i)/(>2; Ak(j) + €) over N = hxw
tokens, where € is a small stability constant:

Supalh) = <]\1G)ZA;¢(2’)> - (Zi szgvlzgpk@) | o
-

Normalized Entropy

Energy Density

Over-zoomed crops tend to penalize Sg.,,, or collapse attribution onto local arti-
facts, whereas under-zoomed crops reduce attribution density by spreading ev-
idence over irrelevant anatomy. After min-max normalization (S), the optimal
scale is R .

K = arg max (Ssem(k) -Sspa(k)>. (4)

The bounding box By centered at py at scale op+ serves as the observation
window for prompt refinement.

Prompt Refinement with a VFM. The VLM attribution operates on a
coarse token grid, so we refine point selection using dense features from a vision
foundation model. Let G(-) € R? denote the VFM feature at a spatial location
in Iy. We compute a dense cosine similarity map anchored at the user click:

M(z) = cos(G(po), G(z)), Va € Iy. (5)

Within Bg~, we extract up to 3 local maxima via non-maximum suppression
(radius r) as auxiliary positive prompts {p1,ps,ps}. This cap preserves the
sparse-interaction setting while still covering elongated or non-convex anatomical
structures. NMS avoids redundant peaks, and the S.E.E.D.-selected window sup-
presses weak similarity maxima from background tissue. Restricting refinement
to this window suppresses background distractors, so explicit negative prompts
are unnecessary. The final prompt set {po, p1,p2, p3} is passed to the video seg-
mentor.
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2.3 Stage II: Reliability-Gated Memory Update

Promptable video segmentors such as SAM 2 maintain a fixed-size memory bank
and, by default, update it greedily by writing each predicted frame in temporal
order. Recent work has identified this strategy as a key source of error accumu-
lation in long or ambiguous videos [5,28]. In ultrasound, severe non-rigid defor-
mation, acoustic shadowing, and transient artifacts often yield unreliable masks;
once stored, these corrupt subsequent predictions and cause compounding drift.

We therefore introduce a training-free, conservative feature-consistency write
gate that decides, per frame, whether the prediction provides sufficiently stable
evidence to enter the memory bank. Specifically, the gate reuses the memory-
encoder feature map F/mem € R"XwXd already computed by SAM 2 at every
frame, introducing zero additional forward passes. Given the predicted mask
probabilities M; € [0,1]"*% we extract a target-specific descriptor f; € R¢ via
masked average pooling:

S, M) Frem(a)
=TS M e ©)

We then measure feature consistency with a first-frame anchor f;, computed
once from the Stage I initialization:

gt = cos(fy, fo), Wi =1T[g; > 7], (7)

where I[-] is the indicator function and 7 is a reliability threshold. If W;=1,
the frame is written into the memory bank; otherwise the write is skipped to
prevent unreliable evidence from contaminating the bank. Since legitimate ap-
pearance changes from deformation, probe motion, or acoustic shadowing can
lower consistency, the gate is one-sided: high consistency permits an update,
while low consistency triggers a skip rather than forcing a correction—favoring
stable propagation over aggressive appearance adaptation. This mechanism pre-
serves SAM 2’s architecture and weights unchanged, yielding a plug-and-play
drop-in replacement for the default greedy memory update.

3 Experiments and Results

Datasets and Evaluation Metrics. We evaluate on three ultrasound video
segmentation datasets: CAMUS [11], Breast Lesion [12], and Placenta, a newly
collected fetal placenta VOS dataset. We report Dice coefficient (D), Average
Surface Distance (A), and mean F-boundary score (F) [19] as evaluation metrics.
Implementation Details. All experiments are conducted in a training-free
setting. To simulate clinical point prompts, we randomly sample a single positive
point from the ground-truth mask on the first frame of each video; we fix random
seeds to {2025,2026,42} and report results averaged across all seeds. For VLM,
we adopt BioMedCLIP (ViT-B) [29], a biomedical vision-language foundation
model pretrained on large-scale diverse biomedical image—text pairs. For VFM,
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Table 1. Quantitative comparison on three ultrasound VOS datasets. Meth-
ods are grouped by pretrained backbone weights (SAM2 and MedSAM2). P and T de-
note point and text prompts, respectively. Bold and underline mark the best/second-
best results within each weight group. Percentages below EchoPilot entries indicate
relative improvement over the corresponding base segmentor (SAM2 or MedSAM?2).

CAMUS Breast Lesion Placenta
Dt (%) Al Ft(%) Dt (%) AL F1(%) Dt (%) Al Ft(%)
MedSAM 3 arXiv'25 P+T  67.15 1398 1524 56.93 43.31 16.58 20.69 140.16 5.39
Pretrained Weights: SAM2

Method Venue Prompt

SAM?2 ICLR’25 P 28.41 56.84 0.80 56.00 56.54 19.83  16.74 267.24 0.89
MA-SAM2 MICCATI25 P 28.43 56.81 0.81 55.76 56.61 19.67  16.75 267.26 0.90
SAM2Long ICCV’25 P 28.44 56.65 0.80 55.41 54.96 19.56  16.76 268.99 0.89
EchoPilot - PAT 34.09 28.86 3.21 63.38 22.98 21.}35 39.74 84.96 5}.92
119.99% 149.23% 1301.25% 113.18% 159.36% 17.67% 1137.40% 168.21% 1565.17%
Pretrained Weights: MedSAM2
MedSAM2 arXiv'25 P 90.83 229 77.34 61.24 86.12 23.63 33.52 129.56 3.27
MA-SAM2 MICCATI'25 P 90.85 228 77.37 61.15 86.14 23.25 33.54 129.54 3.29
SAM2Long ICCV’25 P 91.01 223 7891 66.73 47.00 26.10 34.92 120.38 3.48

95.31 0.83 77.35 68.44 28.20 2391 38.87 63.40 3.28

14.93%  163.76%  10.01% 111.76% 167.25%  11.18% 115.96% 151.07%  10.31%

EchoPilot - P+T

we use DINOv3 (ViT-Plus) [22]. The NMS radius for auxiliary prompt selection
is =6 pixels, and the memory-gate threshold in Stage II is 7=0.5 as default.

Results and visualization. We compare EchoPilot against training-free prompt-
ing strategies (SAM2 [20], MA-SAM2 28], SAM2Long [5]) and finetuned med-
ical segmentors (MedSAM?2 [15], MedSAM 3 [13]). The prompt column reflects
each method’s native interface: SAM2-family baselines are point-guided, whereas
EchoPilot and MedSAM 3 can consume the anatomical category name at ini-
tialization. We therefore interpret Tab. 1 as an end-to-end comparison under the
target sparse-interactive setting, and use the ablations below to separate the ef-
fects of VLM-guided initialization, VFM-based auxiliary prompts, and memory
gating under matched segmentor weights.

As shown in Tab. 1, EchoPilot achieves the best Dice and ASD across all
three datasets under both weight families. The gains are most pronounced on
the challenging Placenta dataset, where EchoPilot improves Dice by +23.0% ab-
solute over the SAM2 baseline (16.74—39.74) and reduces ASD by 68%. With
MedSAM?2 weights, EchoPilot reaches 95.31% Dice on CAMUS with an ASD
of only 0.83, approaching clinical-grade accuracy. Notably, despite being fully
training-free, EchoPilot consistently outperforms the finetuned MedSAM 3 by a
large margin on all datasets, confirming that scale-space semantic prompting and
reliability-gated memory update can effectively substitute for task-specific su-
pervision. Under MedSAM?2 weights, the boundary F-score of EchoPilot still
surpasses the MedSAM?2 baseline on all datasets, while SAM2Long achieves
marginally higher F on some splits; this is expected because the reliability gate
favors conservative memory writes that stabilize region overlap (Dice/ASD) at
the cost of slightly smoother boundaries.
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(c) MedSAM2 (b) EchoPilot (c) MA-SAM2 (d) SAM2Long
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Fig. 3. Qualitative comparison across time steps on three ultrasound VOS
datasets. Each row shows segmentation masks at selected frames for (a) MedSAM2,
(b) EchoPilot (Ours), (c) MA-SAM2, and (d) SAM2Long. Red contours indicate
ground-truth boundaries and green contours indicate predictions. Yellow stars in (b)
mark the auxiliary point prompts synthesized by Stage 1. Baseline methods exhibit
progressive mask drift and boundary leakage over time, whereas EchoPilot maintains
stable and accurate delineation throughout the sequence.

Fig. 3 reveals two consistent advantages of EchoPilot: (i) the auxiliary prompts
from Stage I yield well-aligned masks from the very first frame, and (ii) on longer
sequences (Breast Lesion, Placenta), the predicted contours remain anchored to
the target with markedly less boundary leakage and shape drift than all base-
lines.

Table 2. Ablation of Stage I initialization on all three datasets. We compare
the base segmentor (single random click), VFM-only prompt selection (without VLM
scale guidance), and the full EchoPilot pipeline instantiated with two different medical
VLM backbones. A denotes the change relative to the base.

CAMUS Breast Lesion Fetal Placenta
Dt (%) Al AD (%) AA Dt (%) Al AD (%) AA Dt (%) Al AD (%) AA

Stage-I Variant

Pretrained Weights: SAM2
SAM2 (Base; 1-click random) 28.41 56.84 - - 56.00 56.54 - - 16.74 267.24 - -
VFM-only 30.52  30.82 +2.11 -26.02 54.87 29.38 -1.13 -27.16 39.73 87.34 +22.99 -179.90

UniMedCLIP+VFM (EchoPilot)  29.98 31.16 +1.57 -25.68 57.78 27.61 +1.78 -28.93 39.04 88.33 +22.30 -178.91
BioMedCLIP+VFM (EchoPilot) 34.09 28.86 +5.68 -27.98 63.38 22.98 +7.38 -33.56 39.74 84.96 +23.00 -182.28

Pretrained Weights: MedSAM?2

MedSAM2 (Base; 1-click random) 90.83  2.29 - - 61.24 86.12 - - 33.52  129.56 - -
VFM-only 78.32 265 -12.51 +0.36 67.72 24.92 16.48 -61.20 37.81 64.50 +4.29 -65.06
UniMedCLIP+VFM (EchoPilot)  84.69 2.08 -6.14 -0.21 68.64 21.22 +7.40 -64.90 38.54 63.53 +5.02 -66.03
BioMedCLIP+VFM (EchoPilot) 95.31 0.83 +4.48 -1.46 68.44 2820 +7.20 -57.92 38.87 63.40 +5.35 -66.16

Ablation Studies. Table 2 shows that VFM-only prompting is unstable (—12.5%
Dice on CAMUS, MedSAM2), whereas adding a frozen VLM as a semantic an-
chor yields consistent gains with both UniMedCLIP [9] and BioMedCLIP [29],
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ating Mechanism

Dice (%) 1 ASD | F-sco
(2) (b)

Fig. 4. Ablation of the Reliability-Gated Memory Update on the Breast Le-
sion dataset (MedSAM?2 weights). (a) Enabling the gating mechanism substan-
tially reduces ASD from 55.87 to 28.20 by preventing artifact-corrupted predictions
from entering the memory bank. (b) Sensitivity analysis of the threshold 7: perfor-
mance remains stable across 7 € [0.1,0.5], while an overly aggressive threshold (7=0.9)
causes a rejection rate exceeding 60%, discarding valuable temporal context and de-
grading Dice.

confirming that the improvement stems from the scale-space prompting formu-
lation rather than a specific VLM. Fig. 4 validates the reliability gate: it halves
ASD on Breast Lesion (55.87—28.20) and is robust for 7 € [0.1,0.5], while 7=0.9
over-rejects frames and degrades Dice.

4 Conclusion

We presented EchoPilot, a training-free framework for ultrasound video object
segmentation that requires only a single point click and an anatomical cate-
gory name. By coupling Scale-Space Semantic Prompting with Reliability-Gated
Memory update, EchoPilot resolves initialization ambiguity and suppresses prop-
agation drift without any task-specific fine-tuning. Experiments on CAMUS,
Breast Lesion, and a newly curated fetal placenta dataset show that EchoPilot
consistently outperforms both training-free baselines and finetuned specialists
under two video segmentor models, while the VLM and VFM priors are queried
only once on the first frame, preserving practical throughput.
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