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Abstract. Robust ultrasound biometry requires accurate anatomical
landmark localization across different anatomies, scanners, and acqui-
sition protocols. This paper presents a task-conditioned heatmap local-
ization framework for landmark localization and biometric measurement
in prenatal, intrapartum, pediatric cardiac, and adult cardiac ultrasound
images. The core of the method is a task-aware architecture combined
with semi-supervised learning. The framework adapts a frozen Ultra-
sound Representation Foundation Model (URFM) with a Vision Trans-
former (ViT)-Huge backbone using Low-Rank Adaptation (LoRA), fuses
low-, middle-, and last-layer features using task and group conditioning,
and predicts landmarks through a group-aware expert adaptor and a
multi-readout heatmap head. To exploit unlabeled data, we further use
semi-supervised pseudo-labeling: 5,000 images with confidence scores no
lower than 0.75 are merged with the manually labeled data for train-
ing. On 619 samples from nine tasks, the framework achieves a task-
averaged mean radial error (MRE) of 24.26 and reports mean absolute
error (MAE) values for 29 biometric endpoints.

Keywords: Ultrasound biometry · Task-conditioned adaptation · Semi-
supervised learning · LoRA.

1 Introduction

Quantitative ultrasound biometry is central to perinatal and cardiovascular as-
sessment, including fetal growth and intrapartum guidelines from the Interna-
tional Society of Ultrasound in Obstetrics and Gynecology (ISUOG) [16, 6] and
echocardiographic chamber quantification [11]. Although these applications use
different biometric parameters, most measurements are derived from predefined
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anatomical landmarks. These measurements may be reported as distances, an-
gles, circumferences, or chamber dimensions, but they share the same computa-
tional basis: anatomical points or curves must first be localized in the ultrasound
image. Reliable landmark localization is therefore an important step for repro-
ducible ultrasound measurement.

Automatic ultrasound landmark localization remains difficult because speckle
noise, acoustic shadowing, view-dependent appearance, and operator-dependent
acquisition cause large variation in image appearance. In a multi-scenario set-
ting, the difficulty is not only caused by image quality, but also by the differences
among tasks. Some tasks contain only a few stable points, whereas others involve
long contours, cardiac structures, or landmarks whose locations are defined by
task-specific measurement rules. The amount of manual annotation is also un-
even across anatomies, which makes it hard to train a separate robust model
for every measurement. These factors require a model that can share useful ul-
trasound representations while still adapting to different landmark layouts and
measurement geometry.

Deep learning methods have shown strong potential in medical image anal-
ysis [12] and fetal ultrasound analysis [5], including standard-plane localiza-
tion [1] and fetal head circumference measurement [8]. Representative segmen-
tation and localization networks, such as U-Net and nnU-Net [15, 10], as well
as heatmap-based pose and anatomical landmark models [13, 14], provide use-
ful design references for dense prediction and point localization. However, many
existing systems are designed for one anatomy or one measurement setting. A
fully task-specific design reduces cross-task sharing and increases training cost,
while a fully shared predictor may ignore task-specific landmark definitions, ge-
ometry, and scale shifts [2, 7]. A useful framework should therefore combine a
strong shared encoder, task-conditioned adaptation, and an effective way to use
unlabeled ultrasound images, especially because medical annotations are often
scarce or imperfect [3, 18]. In this paper, the method is built around two core
ideas: task-aware, i.e., task-conditioned, feature adaptation and semi-supervised
pseudo-label learning. The first idea lets the network change its behavior ac-
cording to the target task, while the second idea increases training diversity
without requiring extra manual annotation, following the general principle of
teacher-student and high-confidence pseudo-label learning [19, 17, 20].

We propose a task-conditioned multitask heatmap localization framework
based on a pre-trained Ultrasound Representation Foundation Model (URFM)
with a Vision Transformer (ViT)-Huge backbone. The encoder follows the ViT
design [4] and is adapted with Low-Rank Adaptation (LoRA) [9], and low-,
middle-, and last-layer Transformer features are fused under task and task-
group conditioning. A group-aware expert adaptor models shared, group-specific,
and task-specific feature transformations, and a multi-readout head combines
heatmaps from multiple feature levels. The adaptor is applied to a single fused
representation from one encoder pass, so the method is a task-conditioned feature
adaptation framework rather than multi-model fusion. The training strategy fur-
ther uses semi-supervised pseudo-labeling with 5,000 high-confidence unlabeled
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images and selective fine-tuning for difficult tasks, which enlarges the training
distribution while keeping the manually labeled validation and testing protocol
unchanged.

The main contributions are centered on two core parts. First, we design a
task-conditioned adaptation architecture with hierarchical feature fusion, group-
aware expert adaptation, and multi-readout heatmap prediction. Second, we in-
troduce a semi-supervised parameter-efficient training strategy that combines
LoRA adaptation, pseudo-labeled data, and selective fine-tuning. We also pro-
vide a unified landmark-based formulation for multi-scenario ultrasound biome-
try.

2 Task Description

Let T = {t1, . . . , tM} be the task set. For task t, the labeled data are Dt =
{(Iti , P t

i , S
t
i )}

Nt
i=1, where Iti is the original image, P t

i = {(xti,k, yti,k)}
Kt

k=1 contains
Kt landmarks, and St

i = (Ht
i ,W

t
i ) is the original image size. After preprocessing,

Iti becomes Xt
i , and P t

i is converted to a Gaussian heatmap M t
i ∈ RKt×h×w. For

unlabeled data U = {(Iui , tui , Su
i )}

Nu
i=1, a teacher model assigns pseudo heatmaps

and confidence scores cui . Predictions with cui ≥ κ are retained, with κ = 0.75,
and the top Np = 5,000 images form Dp. The augmented training set for task
t is At = Dt ∪ Dp,t; pseudo-labeled samples are used only for training. This
formulation separates the localization problem from the measurement prob-
lem: the network learns task-specific landmark heatmaps, landmark coordinates
are recovered using Distribution-Aware Coordinate Representation of Keypoints
(DARK) decoding, and biometric values are computed by deterministic measure-
ment functions. This separation allows different clinical measurements to share
the same heatmap learning objective, and it also makes pseudo-labeled images
easy to add because both manual labels and pseudo labels are represented in the
same heatmap form.

The goal is to learn fΘ that predicts M̂ t
i = fΘ(X

t
i , t). Landmarks and bio-

metric measurements are decoded by

P̂ t
i = DARK(M̂ t

i , S
t
i ), B̂t

i = ϕt(P̂
t
i , S

t
i ), (1)

where ϕt(·) is the task-specific measurement function. The frozen encoder has
parameters θ0, and the trainable set is Θ = {θL, θN , θE , θR} for LoRA, the
fusion neck, the expert adaptor, and task-specific readout heads. Each task has
an embedding et, a weight wt, and a group γ(t) ∈ G with group embedding qγ(t).
The selected tasks and parameters for the second training stage are denoted by
Ts ⊆ T and Ωs ⊆ Θ.

3 Method

3.1 Overall Framework

The framework follows a semi-supervised heatmap localization pipeline. It is
built around two core parts: a task-conditioned adaptation path and a semi-
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Fig. 1. Overall workflow of the proposed method.

supervised training path. First, an ultrasound image is processed by a frozen
URFM/ViT-Huge encoder, where LoRA parameters are inserted into selected at-
tention and multi-layer perceptron (MLP) layers in the last Transformer blocks.
For a frozen linear layer W , LoRA computes y = Wx + αL

rL
CAx, where A

and C are trainable low-rank matrices and rL is the rank. Then, low-, middle-
, and last-layer token features are reshaped into spatial maps and fused by a
task-conditioned neck. Next, a group-aware expert adaptor refines the fused
feature, and a task-specific multi-readout head predicts landmark heatmaps.
During training, the model uses both manually labeled samples and 5,000 high-
confidence pseudo-labeled images selected with κ = 0.75. Finally, DARK decod-
ing converts heatmaps to landmark coordinates, and task-specific measurement
functions compute biometric values. Fig. 1 gives the workflow, Algorithm 1 gives
the training/inference procedure, and Sections 3.2–3.5 describe the key opera-
tions. The feature fusion in Sec. 3.2 explains how multi-level tokens are selected
for each task, Sec. 3.3 describes how the fused feature is adapted by shared,
group, and task experts, Sec. 3.4 defines the heatmap readout, and Sec. 3.5
details the semi-supervised two-stage training process.

The overall design is driven by two requirements. First, a unified model should
avoid retraining a full encoder for every anatomy, because the amount of labeled
data differs across tasks and full fine-tuning can easily overfit small tasks. LoRA
therefore provides a compact way to adapt the frozen encoder while preserv-
ing the general ultrasound representation. Second, the network must keep task-
specific geometry visible to the decoder. Task and group embeddings are used in
the fusion, expert, and readout modules so that the same backbone can produce
different localization behavior for different measurement settings.
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Algorithm 1 Task-conditioned semi-supervised adaptation
Require: T , {Dt}, U , γ(t), fΘT , κ = 0.75, Np = 5,000, Ts, θ0, Θ = {θL, θN , θE , θR},

E1, E2.
Ensure: Θ, predicted landmarks P̂ , and measurements B̂.
1: Freeze θ0, insert θL, and initialize θN , θE , and θR.

Forward modules: task-conditioned fusion (Sec. 3.2), group-aware adaptation
(Sec. 3.3), and multi-readout prediction (Sec. 3.4).

2: Predict {(M̃u
i , c

u
i )}Nu

i=1 on U with fΘT .
3: Select the top Np predictions satisfying cui ≥ κ to form Dp; set At = Dt ∪ Dp,t.

Stage 1: semi-supervised joint adaptation (Sec. 3.5)
4: for e = 1, . . . , E1 and t ∈ T do
5: Sample B ⊂ At, optionally apply mixup-style heatmap interpolation (MixUp)

to obtain (X̃t
j , M̃

t
j ).

6: Predict M̂ t
j = fΘ(X̃

t
j , t) and update Ω1 = Θ by minimizing Lt.

7: end for
Stage 2: selective fine-tuning (Sec. 3.5)

8: for e = 1, . . . , E2 and t ∈ Ts do
9: Sample B ⊂ At, predict M̂ t

j = fΘ(X
t
j , t), and update Ωs by minimizing Lt.

10: end for
Inference (Sec. 3.5)

11: Predict M̂∗ = fΘ(X
∗, t∗), decode P̂ ∗ = DARK(M̂∗, S∗), and compute B̂∗ =

ϕt∗(P̂
∗, S∗).

3.2 Task-conditioned Hierarchical Feature Fusion

A single Transformer level is often insufficient for ultrasound biometry because
different landmarks rely on different visual evidence. Boundary-related points
benefit from local texture and edge responses, while cardiac and contour-based
measurements need broader structural context. Given an input X̃t

j , the adapted
encoder therefore returns low-, middle-, and last-level token features. After re-
moving the class token, they are reshaped into spatial maps (F t

j,l, F
t
j,m, F

t
j,h).

The fusion neck projects them to branch features, computes a global average
pooling (GAP) descriptor, and generates task/group-conditioned gates:

Gt
j,s = ψs(F

t
j,s), rtj = ξ([GAP(Gt

j,l),GAP(Gt
j,m),GAP(Gt

j,h)]),

atj = 0.75 + σ(ga(r
t
j) + τgt(et) + gg(qγ(t))), ctj = 0.5 + σ(gc([r

t
j , et])).

(2)

For s ∈ {l,m, h}, the branch output is U t
j,s = atj,s(c

t
j,s ⊙ Gt

j,s), and the fused
feature is

U t
j,f = ctj,f ⊙ ψf ([U

t
j,l, U

t
j,m, U

t
j,h]). (3)

The branch gate atj adjusts the contribution of each feature level, and the chan-
nel gate ctj selects task-relevant channels inside each level. This design lets each
task select the feature levels and channels that match its anatomical structure
without creating a separate encoder. It is especially useful when tasks have differ-
ent scales, because small local measurements can emphasize lower-level details,
whereas large contours can draw more information from middle and high-level
features.
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3.3 Group-aware Expert Adaptation

The group-aware adaptor is applied only to the fused feature U t
j,f , so it is not

a fusion of multiple complete models. It contains a shared expert Esh, a group
expert Eγ(t), and a task expert Et:

πt = softmax(gE(et) + btE). (4)

With Ej
sh = Esh(U

t
j,f ), E

j
g = Eγ(t)(U

t
j,f ), and Ej

t = Et(U
t
j,f ), the adapted feature

is
V t
j = πt

shE
j
sh + λgπ

t
gE

j
g + λtπ

t
tE

j
t + ρU t

j,f . (5)

The residual term preserves stable shared information, while the experts pro-
vide shared, group-specific, and task-specific corrections for different landmark
layouts. The shared expert learns transformations common to ultrasound land-
mark localization, the group expert captures similarities among related views or
anatomical structures, and the task expert provides a small correction for the
final measurement geometry. This structure increases adaptation capacity after
feature fusion, but it still uses one backbone and one forward path.

3.4 Multi-readout Heatmap Prediction

The task-specific head reads four branches: low, middle, last, and fused. This
is useful because the best readout level can vary with the endpoint. For exam-
ple, short distance measurements may depend on sharp local responses, while
chamber and circumference measurements need more global shape information.
For s ∈ {l,m, h}, Ht

j,s = Rt
s(U

t
j,s), and Ht

j,f = Rt
f (V

t
j ). The task embedding

produces readout weights βt = softmax(gR(et)), and the final heatmap is

H̄t
j =

∑
s∈{l,m,h,f}

βt
sH

t
j,s, M̂ t

j = H̄t
j + ηRt

∆(H̄t
j). (6)

The refinement branch Rt
∆ learns a residual correction on the weighted heatmap

rather than replacing the main prediction. This multi-readout design balances
fine boundary cues, structural cues, semantic context, and fused task-conditioned
information.

3.5 Semi-supervised Two-stage Training and Inference

Training minimizes the heatmap loss

Lt =
wt

B

B∑
j=1

∥∥∥M̂ t
j − M̃ t

j

∥∥∥2
2
, (7)

where M̃ t
j is either a manual target heatmap or a pseudo target heatmap. The

pseudo-labeling step is performed before the final training stages. The teacher



Task-Conditioned Adaptation for Ultrasound Biometry 7

model predicts heatmaps on the unlabeled pool, and only samples with con-
fidence scores no lower than κ = 0.75 are considered; the top 5,000 samples
are merged with the manually labeled data. This filtering is important because
pseudo labels are helpful only when they add appearance diversity without in-
troducing too much label noise.

Stage 1 is the semi-supervised joint adaptation stage: it updates all trainable
modules on {At} so that the LoRA parameters, fusion neck, expert adaptor, and
readout heads learn from both manual and pseudo-labeled heatmaps. This stage
builds a common task-conditioned representation for all measurement settings.
Stage 2 is selective fine-tuning: it updates only Ωs on selected tasks Ts, focus-
ing capacity on harder tasks while keeping the shared representation stable. At
inference, no pseudo label is used; the trained model predicts M̂∗, decodes P̂ ∗,
and computes B̂∗ for the requested task.

4 Experiments and Results

We evaluate the proposed framework on nine ultrasound landmark localization
and biometric measurement tasks. All experiments are based on the dataset
released for the Foundation-Model-for-Ultrasound Biometry Challenge at the
Medical Image Computing and Computer Assisted Intervention (MICCAI) 2026
conference, including the labeled task data and the unlabeled images used for
pseudo-label generation. The evaluation set contains 619 samples in total and
covers fetal abdominal circumference (FA), inferior vena cava (IVC), intrapartum
angle of progression (AOP), parasternal short-axis echocardiography (PSAX),
parasternal long-axis echocardiography (PLAX), fetal ultrasound gland/cervix
measurement (FUGC), fetal femur measurement, fetal head circumference (HC),
and apical four-chamber echocardiography (A4C). The main localization met-
ric is mean radial error (MRE), and measurement errors are reported as mean
absolute error (MAE).

Table 1. Task-level evaluation results.

Task Samples Avg. MRE ↓ Avg. MAE ↓

FA 188 18.84 77.63
IVC 10 30.29 14.41
AOP 60 13.59 9.40
PSAX 18 36.59 20.40
PLAX 26 17.14 8.60
FUGC 20 9.51 8.79
Fetal femur 62 22.65 20.68
HC 215 45.87 74.50
A4C 20 23.82 20.68

Overall 619 24.26 –

Table 1 shows a task-averaged MRE of 24.26 across the nine evaluation tasks.
FUGC, AOP, and PLAX have the lowest MREs, while HC and PSAX are harder
because of larger contours and stronger view variation. This pattern is consistent
with the task design: sparse or locally constrained measurements are easier to
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localize, whereas contour-based and cardiac view-variable tasks require more
stable global structure modeling.
Table 2. Endpoint-level biometric measurement errors. Pixel-based measurements are
reported in px, and the AOP angle is reported in degrees.

Task Endpoint MAE ↓ Task Endpoint MAE ↓

FA FA 77.63 px PLAX STJ 7.41 px
IVC IVC 14.41 px PLAX VAO 8.89 px
AOP AOP 8.48◦ FUGC CL 8.79 px
AOP HSD 10.31 px Fetal femur FL 20.68 px
PSAX PA 23.68 px HC BPD 16.47 px
PSAX RVOT 17.12 px HC HC 132.53 px
PLAX AAO 9.74 px A4C LA horiz. 15.89 px
PLAX AV 7.67 px A4C LA vert. 16.52 px
PLAX IVS 4.98 px A4C LV horiz. 34.46 px
PLAX LA 10.74 px A4C LV vert. 12.31 px
PLAX LV 13.10 px A4C RA horiz. 30.01 px
PLAX LVOT 7.18 px A4C RA vert. 16.54 px
PLAX LVPW 5.52 px A4C RV horiz. 24.60 px
PLAX RV 8.74 px A4C RV vert. 15.15 px
PLAX RVOT 10.61 px

The endpoint-level results in Table 2 provide a more detailed view of the mea-
surement behavior. For PLAX, most endpoint errors remain within 4.98-13.10
px, suggesting that the model can handle several cardiac structures within the
same view. For AOP, the angle error is 8.48◦ and the head-symphysis distance
error is 10.31 px, showing that the localized landmarks can support both angu-
lar and distance-based measurements. The largest error appears on HC, where
circumference estimation amplifies local landmark errors along a large contour.
These observations show that the pipeline supports multiple measurement set-
tings, with large-contour and view-variable cases remaining the main difficulties.

5 Conclusion

This paper addresses robust ultrasound landmark localization and biometric
measurement across multiple clinical scenarios. The proposed framework com-
bines parameter-efficient adaptation of a frozen URFM/ViT-Huge encoder, task-
conditioned hierarchical feature fusion, group-aware expert adaptation, multi-
readout heatmap prediction, and semi-supervised pseudo-label expansion. Ex-
periments on 619 samples from nine tasks show a task-averaged MRE of 24.26
and report measurement errors for 29 biometric endpoints. The results suggest
that a unified task-conditioned model can support diverse ultrasound measure-
ment settings, while the higher errors on HC and PSAX indicate that large-
contour measurements and view-variable cardiac cases remain challenging. Fu-
ture work will explore contour-aware objectives and uncertainty-aware pseudo-
label selection to further improve these difficult cases.
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