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to Echocardiography Probe Guidance

Abstract—Echocardiography is a critical tool for detecting
heart diseases. Recently, ultrasound foundation models have
demonstrated remarkable capabilities in cardiac ultrasound im-
age analysis. However, obtaining high-quality ultrasound images
is a prerequisite for accurate diagnosis. Due to the exceptionally
high operational difficulty of cardiac ultrasound, there is a
shortage of highly skilled personnel, which hinders patients
from receiving timely examination services. In this paper, we
aim to adapt the medical knowledge learned by foundation
models from vast datasets to the probe guidance task, which is
designed to provide real-time operational recommendations for
junior sonographers to acquire high-quality ultrasound images.
Moreover, inspired by the practice where experts optimize action
decisions based on past explorations, we meticulously design
an parameter-efficient Vision-Action Adapter (VA-Adapter) to
enable foundation model’s image encoder to encode vision-action
sequences, thereby enhancing guidance performance. With built-
in sequential reasoning capabilities in a compact design, the VA-
Adapter enables a pre-trained ultrasound foundation model to
learn precise probe adjustment strategies by fine-tuning only a
small subset of parameters. Extensive experiments demonstrate
that the VA-Adapter can surpass strong probe guidance models.
Our code will be released after acceptance.

Index Terms—echocardiography, adapter, sequence modeling,
probe guidance, foundation model.

I. INTRODUCTION

Cardiovascular diseases have become a significant factor
affecting human lifespan [21]. Echocardiography is a com-
monly used imaging technique for diagnosing cardiovascular
diseases, allowing the observation of the health conditions
of heart chambers, valves, and blood vessels [17]. With
technological advancements, AI-driven echocardiography di-
agnostic models [6], [8], [20] have demonstrated remarkable
capabilities. As shown in Figure 1(a), representative models in
this domain include EchoCLIP [6], a foundation model pre-
trained on a dataset of over a million paired cardiac ultrasound
videos and expert reports; USFM [13], which is pre-trained
on over two million ultrasound images covering 12 different
organs; and BiomedCLIP [25], which is pre-trained on 15.3
million image–text pairs extracted from 4.4 million articles in
PubMed. All three models demonstrate strong capabilities in
interpreting cardiac ultrasound images.

Undoubtedly, the prerequisite for these powerful diagnostic
models to function effectively is the availability of high-
quality ultrasound images. However, due to the inherently high
operational difficulty of cardiac ultrasound, it takes years of
training for a beginner to master the technique, resulting in
a scarcity of skilled professionals. Therefore, leveraging AI
technology to assist in cardiac ultrasound scanning is a crucial
research direction.

In recent years, researchers [1], [3], [7], [14], [18] have
proposed developing AI-driven probe guidance systems to pro-
vide junior sonographers with recommendations for probe ad-
justment actions, aiming to acquire higher-quality ultrasound
images. For example, Droste et al. [7] proposed a model named
US-GuideNet to guide the scanning of fetal planes. Later,
Narang et al. [18] collected a vast amount of echocardiography
scanning data and trained a convolutional neural network-
based guidance system from scratch. However, the system is
intended for commercial use, and its technical implementation
details are closed-source. Li et al. [14] proposed utilizing
cardiac CT data as a simulation environment and employing
reinforcement learning to train guidance strategies. While
these works achieved progress, they studied probe guidance
separately from diagnosis, without leveraging advancements
in diagnostic models [6], [13], [25], e.g., EchoCLIP. Both
scanning and diagnosis require models to understand structures
in cardiac ultrasound images and make decisions, leading us to
hypothesize that advancements in diagnostic models can also
enhance probe guidance models.

In this paper, we aim to build upon the ultrasound foun-
dation model’s ability to interpret cardiac ultrasound images
by equipping it with the capability to understand three-
dimensional cardiac structures and reason about probe adjust-
ment actions. First, to preserve the basic capabilities learned by
foundation model from large-scale data as much as possible,
we employ a parameter-efficient fine-tuning strategy called
Adapter, which freezes the foundation model’s image encoder
and only optimizes the parameters within the adapter. Mean-
while, we observe that sonographers in practice often leverage
information from past explorations, including image and action
sequences, to optimize their decision-making. Inspired by this,
we meticulously design a Vision-Action Adapter (VA-Adapter)
to process sequential information and learn about the three-
dimensional structure of the heart from it. Specifically, VA-
Adapters are inserted into the deeper layers of the image
encoder of foundation model, as the features in the shallow
layers are typically more general, while the features in the
deeper layers are usually more task-relevant [24]. Finally,
extensive experiments demonstrate that the VA-Adapter equips
diagnostic foundation models with better probe guidance ca-
pability at a low training cost.

II. RELATED WORK

A. AI-assisted Ultrasound Scanning

Ultrasound scanning, especially cardiac ultrasound, heavily
relies on the operator’s skill and experience. With advance-
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Fig. 1: Illustration of the dataset. (a) Our dataset statistic. (b) Large-scale diagnostic foundation model dataset. (c) Standard
planes. The view images are sourced from [17].

ments in AI technology, researchers have begun exploring
ways to leverage AI to assist ultrasound scanning, aiming to
reduce reliance on operator experience and improve image
quality. Amadou et al. [1] relied on cardiac CT scans for
simulation and use reinforcement learning to train optimal
strategies. However, CT data is costly, and there are significant
differences between CT and ultrasound images, limiting its
applicability. Hao et al. [9] conduct traversal scanning over
predefined positional and angular ranges, followed by deep
metric learning to identify target cardiac views from the
captured video. However, the approach is relatively slow and
may not generalize well across diverse subjects. Bao et al. [3]
developed a visual navigation system to assist in locating A4C
and A2C views. While useful, it only covers a small subset of
the necessary scanning planes, limiting its clinical value.

B. Ultrasound Diagnostic Foundation Model

One major bottleneck in the field of AI-assisted probe
navigation is the difficulty of expert demonstration data ac-
quisition. In contrast, AI-driven ultrasound diagnosis benefit
from richer data sources, accelerating model development and
yielding numerous representative architectures. For example,
EchoCLIP [6] is a vision-language model trained on over one
million cardiac ultrasound videos paired with expert reports.
It shows strong performance across various cardiac diagnostic
tasks. USFM [13] is a general-purpose ultrasound model pre-
trained on more than two million images from 12 organs.
It introduces spatial-frequency masking techniques to handle
low-quality images and supports diverse tasks like segmen-
tation and classification. BiomedCLIP [25] is a multimodal
model trained on 15 million biomedical image–text pairs. It
achieves state-of-the-art results across retrieval, classification,
and visual question answering. While these models were not
originally designed for probe guidance, their core capability
in ultrasound image interpretation directly addresses a fun-
damental requirement of probe guidance tasks. Therefore, in
this paper, we explore leveraging the knowledge embedded in
existing foundation models to enhance probe guidance.

C. Parameter-efficient Fine-tuning

To effectively transfer knowledge from the ultrasound foun-
dation model to the probe guidance task, we employ a

parameter-efficient fine-tuning (PEFT) strategy, which pre-
serves the pretrained model’s learned representations while
minimizing data and computational requirements. Prominent
PEFT strategies include adapters [11], which insert small train-
able networks between layers of a frozen model, updating only
these adapters for efficient task-specific adaptation. Another
popular PEFT method is prefix tuning [15], which keeps the
model frozen and learns a small task-specific vector (prefix)
added to the self-attention layers to guide model behavior.
Besides, Low-Rank Adaptation (LoRA) [12] introduces train-
able low-rank matrices into Transformer layers while keeping
pre-trained weights frozen, enabling efficient adaptation with
few trainable parameters. In this work, we adopt the adapter
structure due to its greater flexibility, which allows it to be
applied to different network architectures, as EchoCLIP and
USFM are built on distinct network frameworks.

III. METHOD

In this section, we first describe the cardiac ultrasound
scanning dataset to provide a background about our task.
Next, we introduce our vision-action adapter, which equips
ultrasound foundation models with the ability to reason about
probe adjustment actions for navigating toward target planes.

A. Dataset Acquisition
The dataset used in our work was collected from 178 adult

subjects and includes 356 expert scanning trajectories, totaling
1.31 million image-action pairs. The data was gathered by
two senior sonographers with over 10 years of experience.
They performed continuous scans of 10 standard echocar-
diographic planes (Figure 1(c)) using an ultrasound probe
attached to the end of a robotic arm. The data collection system
recorded real-time images acquired by the probe and the cor-
responding probe pose data. This created a scanning sequence
{(It,pt)}Tt=1, where It ∈ R3×H×W is the ultrasound image
at time t, and pt ∈ SE(3) is the corresponding probe’s 6D
pose (3D position P ∈ R3 and 3D orientation R ∈ SO(3)).

During the scan, the sonographer marked the standard
views. Then we can calculate the relative motion of any image
Ii to the standard view Ij : ai→j = T−1

pi Tpj , where Tpi and
Tpj represent the transformation matrices corresponding to
the probe poses pi and pj . Then we use this motion value as
the supervisory signal for the ultrasound probe guidance task.



Notably, during data acquisition, the sonographer would
sometimes pause scanning at certain probe positions in order
to closely observe the dynamic characteristics of the heart.
As a result, the dataset contains many images captured from
the same probe position but at different phases of the cardiac
cycle. These images share the same motion label, which
provides a form of implicit supervision that encourages the
model to be robust to cardiac cycle variation.

B. Vision-Action Adapter

Echocardiography probe guidance is an emerging re-
search direction. While AI-driven probe guidance systems
hold promise for improving echocardiography accessibility,
progress has been slow due to the challenges of data collection.
In contrast, significant advancements have been made in ultra-
sound image understanding and diagnosis, with recent foun-
dation models [6], [8], [13], [20] demonstrating exceptional
performance on baseline tasks. Notably, a probe guidance
model shares the same fundamental ability as these models:
understanding structural information in ultrasound images.
Thus, we proposed the Vision-Action Adapter to explore the
potential of leveraging these foundation models for probe
guidance tasks. In the following sections, we will provide a
detailed explanation of our approach, as shown in Figure 2.

Input. First, for a given image It ∈ R3×H×W from a par-
ticular scan, we segmentally sample L− 1 images along with
their corresponding poses from the same scan. The sampling
strategy is following [23]. Specifically, we do not use L con-
secutive frames as the input sequence. Instead, we divide the
full scan from a single subject into L−1 equal-length temporal
segments, and randomly sample one frame from each segment.
These L−1 frames are then sorted in ascending order by their
timestamps and combined with the current frame It, which
is placed at the end of the sequence as ItL . This sampling
strategy encourages the model to learn more diverse spatial
structural cues by introducing greater variability in anatomy
and motion across frames. In contrast, using L adjacent
frames would lead to minimal visual and positional differences
between input images, making it difficult for the model to
capture the full 3D cardiac structure. For reference, in the se-
quences constructed using our segmental sampling, the average
absolute relative motion between adjacent frames is approx-
imately [21.8mm, 18.7mm, 14.0mm, 12.6◦, 23.3◦, 40.9◦], in-
dicating substantial variation in both position and orientation.
Next, the relative movement actions ati→tj ∈ R6 are com-
puted using their poses, thereby forming a scanning trajectory:

[It1 ,at1→t2 , · · · , ItL−1
,atL−1→tL , ItL ]. (1)

Forward propagation. The VA-Adapters are inserted into
the latter part of the foundation model’s vision encoder, as
features in this section are more task-relevant [24]. For con-
volutional vision encoders (e.g., EchoCLIP), the VA-Adapters
are inserted between the blocks in the latter half of the
encoder. For transformer-based vision encoders (e.g., USFM
and BiomedCLIP), two VA-Adapters are inserted within a
Transformer block: one is placed after the attention module,

and the other after the MLP module. Only the VA-Adapters are
trained, while the foundation model remains frozen to preserve
its learned knowledge. We assume that after passing through
the initial k-th vision layers, the image Iti yields feature
fv,kti ∈ RC . Note that for a convolutional vision encoder, we
apply global average pooling to convert the feature map into
a vector feature. Then, visual features are input into the VA-
Adapter, first passing through a down projection layer Dk

θ ,
while raw actions are transformed by a linear layer Akϕ to
align their dimensions:

zv,kti = Dk
θ (f

v,k
ti ) +Ti, zv,kti ∈ Rr

za,kti→tj = Akϕ(ati→tj ) +Ti, za,kti→tj ∈ Rr
(2)

where T ∈ RL×r is timestep embedding, and r represents
the bottleneck dimension of the VA-Adapter. Furthermore,
this image and action sequence is fed into a vision-action
interaction module Skψ , designed to extract underlying cardiac
structure information:

[hv,kt1 , za,k+1
t1→t2 , · · · ,h

v,k
tL ] = Skψ([z

v,k
t1 , za,kt1→t2 , · · · ,

zv,ktL−1
, za,ktL−1→tL , z

v,k
tL ]). (3)

The action features za,k+1
ti→tj are directly input into the next

layer of the VA-Adapter. The visual features hv,kti are further
processed through a nonlinear layer σ and an up projection
layer U j

ω to generate the VA-Adapter’s output:

zv,k+1
ti = Uk

ω(σ(h
v,k
ti + zv,kti )) + fv,kti , (4)

C. Task Prediction Head

After passing through all layers (assuming the network has
M layers in total), we obtain the following sequence features:

[zv,Mt1 , za,Mt1→t2 , · · · , z
v,M
tL−1

, za,MtL−1→tL , z
v,M
tL ]. (5)

The objective of our probe movement guidance task is to
predict the relative movement action from any given plane
to the ten standard planes. Thus, we introduce ten prediction
heads Hξi , i ∈ Z, 1 ≤ i ≤ 10 to predict the action toward each
standard plane. Formally, the forward process for predicting
action from ItL to i-th standard plane can be represented as:

ma′ = Eρ([z
v,M
t1 , za,Mt1→t2 , · · · , z

v,M
tL−1

, za,MtL−1→tL , z
v,M
tL ,ma]),

(6)

a
′

tL→ti-th standard plane
= Hξi(m

a′), (7)

where ma represents a global sequence token, and Eρ is
sequence encoder implemented as a GRU to further integrate
the information within the sequence.

Finally, the loss is calculated using the Smooth L1 Loss
between the predicted action and the target atL→ti-th standard plane

as follows:

L = LSmoothL1(atL→ti-th standard plane ,a
′

tL→ti-th standard plane
). (8)

In Equation (8), translation and rotation are treated with equal
weight in the loss computation, which aligns with the fact that
both dimensions are equally important in cardiac ultrasound
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Fig. 2: Illustration of the architecture of the VA-Adapter. The left side shows that we insert VA-Adapter into the deep layers
of foundation models, and the right side shows the internal structure of VA-Adapter.

scanning. Additionally, to prevent the model from being biased
toward one dimension due to significant numerical disparities,
we adjusted the units during preprocessing (millimeter for
translation and degree for rotation) to ensure their values fall
within the same order of magnitude.

IV. EXPERIMENTS

A. Datasets and Implementation Details

a) Datasets: Data were collected using a GE machine
equipped with an M5S probe, and the collection method is
described in Section III-A. The entire data collection process
was approved and supervised by the University Medical Ethics
Committee. In our experiment, 284 scans were used for
training and 72 for validation, with data from different subjects
in each set.

b) Model Architecture: The length of the input image
sequence L is set to 4 by default. The bottleneck dimension
r (adapter dimension) in our VA-Adapter is set to 64 by
default. The activation function uses ReLU. The core vision-
action interaction module Sψ is implemented as a Transformer
block that employs 4 attention heads and an MLP ratio of 2,
meaning that the hidden dimension of the feed-forward layers
is twice the embedding dimension. The positional encoding
of the vision-action features employs a 1-dimensional sincos
encoding method. The weights of fully connected layers and
convolutional layers are initialized using a truncated normal
distribution, with biases initialized to 0 and variance set to
0.02. The weights of layer normalization are initialized to 1
and biases to 0. After passing through the image encoder,
the image features and action features are mapped to a
dimension of 128 through the linear layer respectively, and
then concatenated before being input to the sequence encoder
Eρ, which is a GRU with an input dimension of 256 and a
hidden layer dimension of 128. The final prediction head Hξi

consists of two MLP layers, with a GELU activation function
applied between them.

c) Training Strategy: During training, the Adam opti-
mizer is used with a batch size of 256, an initial learning rate
of 1 × 10−4, and a cosine learning rate decay strategy, with
a final learning rate of 1× 10−6. Training runs for 5 epochs,
and all experiments are performed on four A100 GPUs.

d) Evaluation Metric: We use two evaluation metrics to
assess performance: the training parameter count and the mean
absolute error (MAE) between the predicted action a

′
and

the ground-truth a. The MAE is computed separately for the
translation and rotation:

MAE of Translation =
1

3

3∑
i=1

|ai − a
′

i|, (9)

MAE of Rotation =
1

3

6∑
i=4

|ai − a
′

i|. (10)

B. Comparison with Baselines

We evaluated our method on ten standard views, as shown
in Table I and Table II. Our method outperforms baselines
in both MAE and parameter efficiency. Single-frame input
models make decisions based only on the current image,
failing to model variations in cardiac structure, leading to poor
performance. Baseline sequential models [4], [7] typically fuse
image and action features only in the task prediction head after
the encoder, failing to fully leverage the individual cardiac
structure information embedded in the sequence. Additionally,
due to full-scale fine-tuning, these methods incur high training
costs. Our approach inserts a lightweight VA-Adapter into
the image encoder, enabling the model to gradually learn
cardiac structural features during the feature extraction phase,
optimizing both efficiency and performance at the same time.

We also compared our method with other common PEFT
methods, including LoRA [12] and Prefix Tuning [15]. As
these methods were originally designed for transformer-based
models, we only conducted experiments on the transformer-
based USFM and BiomedCLIP. As shown in Figure 3, our



TABLE I: Comparison with baseline methods in the translation dimension. †indicates that these methods use the pre-trained
encoder from DeiT. Plane numbers correspond to Figure 1(c).

Method Trained MAE of the translation dimension for the ten standard planes (mm) Avg.
Params 1 2 3 4 5 6 7 8 9 10

Single-frame, pre-trained on ImageNet
DeiT [22] 22.60M 8.50 8.09 8.51 7.90 7.85 9.21 8.43 8.55 8.70 8.52 8.43
DINOv2 [19] 90.28M 8.31 7.82 8.36 7.70 7.66 9.09 8.40 8.52 8.70 8.62 8.22

Single-frame, pre-trained on ultrasound data
BiomedCLIP [25] 89.50M 8.40 7.89 8.44 7.79 7.78 9.16 8.62 8.73 8.88 8.75 8.44
LVM-Med [16] 89.44M 8.55 8.00 8.42 7.95 7.89 9.31 8.70 8.88 9.07 8.80 8.56
US-MoCo [5] 22.60M 8.75 8.08 8.29 7.95 7.90 9.22 8.55 8.78 8.88 8.74 8.51
US-IJEPA [2] 22.59M 8.28 7.82 8.36 7.74 7.74 8.84 8.46 8.55 9.01 8.67 8.35
US-MAE [10] 22.60M 8.31 7.74 8.30 7.69 7.70 9.02 8.35 8.47 8.55 8.45 8.26
USFM [13] 92.94M 8.34 7.74 8.28 7.62 7.69 9.02 8.20 8.33 8.51 8.39 8.26
EchoCLIP [6] 89.74M 8.29 7.78 8.45 7.53 7.60 9.17 8.16 8.22 8.58 8.35 8.21

Sequential, pre-trained on ImageNet
US-GuideNet† [7] 22.05M 6.81 7.59 8.63 6.70 7.05 8.09 7.28 7.28 8.05 7.84 7.53
Decision-T† [4] 22.27M 6.69 7.60 8.46 6.71 6.81 7.87 7.01 7.06 7.92 7.67 7.38

Sequential, pre-trained on ultrasound data
BiomedCLIP 86.15M 6.87 6.67 7.26 6.32 6.31 8.09 7.77 7.87 7.95 7.83 7.29
BiomedCLIP+ours 3.94M 5.91 5.90 6.16 5.31 5.36 7.11 5.12 5.03 5.29 5.07 5.63
USFM 87.04M 6.48 6.34 6.84 6.05 5.93 7.72 8.07 8.16 8.05 7.86 7.15
USFM+ours 3.97M 6.27 5.62 5.69 5.33 4.99 7.13 5.50 5.73 5.39 5.15 5.68
EchoCLIP 88.41M 6.31 6.03 6.48 5.76 5.76 7.31 7.03 7.05 6.96 6.95 6.56
EchoCLIP+ours 2.61M 5.94 5.55 6.03 5.17 4.99 6.90 4.77 4.87 5.11 4.63 5.40

TABLE II: Comparison with baseline methods in the rotation dimension. †indicates that these methods use the pre-trained
encoder from DeiT. Plane numbers correspond to Figure 1(c).

Method Trained MAE of the rotation dimension for the ten standard planes (°) Avg.
Params 1 2 3 4 5 6 7 8 9 10

Single-frame, pre-trained on ImageNet
DeiT [22] 22.60M 7.27 8.02 8.71 8.66 8.62 9.23 7.37 9.54 9.71 11.28 8.84
DINOv2 [19] 90.28M 7.21 7.82 8.75 8.66 8.42 9.04 7.27 9.41 9.38 11.27 8.72

Single-frame, pre-trained on ultrasound data
BiomedCLIP [25] 89.50M 7.33 8.00 8.84 8.88 8.85 9.38 7.81 10.04 9.59 11.62 9.03
LVM-Med [16] 89.44M 7.26 7.94 8.62 8.81 8.85 9.27 7.59 9.65 9.65 11.34 8.90
US-MoCo [5] 22.60M 7.46 7.90 8.64 8.76 8.64 9.23 7.40 9.76 9.70 11.55 8.80
US-IJEPA [2] 22.59M 7.24 7.75 7.98 8.73 8.46 9.06 7.57 9.72 9.42 10.81 8.67
US-MAE [10] 22.60M 7.11 7.61 8.23 8.55 8.56 9.05 7.26 9.67 9.46 11.05 8.66
USFM [13] 92.94M 7.14 7.69 8.51 8.38 8.41 9.00 7.18 9.38 9.37 11.14 8.62
EchoCLIP [6] 89.74M 6.86 7.52 8.51 8.44 8.47 9.18 7.03 9.31 8.88 10.97 8.52

Sequential, pre-trained on ImageNet
US-GuideNet† [7] 22.05M 5.88 7.21 7.22 8.00 7.88 8.52 6.68 7.39 8.39 11.13 7.83
Decision-T† [4] 22.27M 5.94 7.38 7.30 8.27 8.20 8.70 6.48 7.41 8.18 10.89 7.88

Sequential, pre-trained on ultrasound data
BiomedCLIP 86.15M 6.17 6.62 7.05 7.73 7.58 7.90 6.72 9.32 8.43 10.46 7.80
BiomedCLIP+ours 3.94M 5.63 6.04 6.43 6.10 5.56 7.12 6.01 8.30 8.51 10.15 6.98
USFM 87.04M 6.34 6.67 6.92 7.05 6.79 7.95 6.90 9.56 9.07 10.82 7.81
USFM+ours 3.97M 5.70 6.25 6.38 5.59 5.36 6.70 6.14 8.55 8.63 10.52 6.98
EchoCLIP 88.41M 6.00 6.69 7.20 6.87 6.75 7.51 6.65 8.99 9.06 10.91 7.66
EchoCLIP+ours 2.61M 5.36 5.93 5.98 5.62 5.30 6.59 5.83 8.19 8.42 10.17 6.74
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Fig. 3: Performance comparison of different PEFT methods on USFM and BiomedCLIP.

Fig. 4: Ablation study on vision-action interaction module of the EchoCLIP model.

VA-Adapter achieves the best performance. One key reason
is that we introduce a sequence modeling paradigm—our VA-
Adapter enables interaction between visual and action features,
allowing the model to better understand cardiac structures. In
contrast, other PEFT methods mainly reduce training cost and
overfitting risk, but do not enhance the model’s capacity to
understand cardiac structures, which limits their performance
on our task.

C. Ablation Study

a) Vision-action Interaction Module: We performed a
comparative analysis of seven training baselines for the
EchoCLIP model, as shown in Figure 4. The vanilla adapter
tuning removes the vision-action interaction module from
the VA-Adapter, with all other settings identical to ours.
Our approach, with 2.61M parameters, achieves the lowest
MAE, showing a significant advantage in parameter efficiency.
Even compared to the vanilla adapter method with a similar
parameter size, our approach reduces the MAE by 12.6% /
8.0% (Trans. / Rot.) with only an additional 0.9M parameters,
demonstrating that the performance gains from the vision-
action interaction mechanism outweigh the marginal cost of
extra parameters. Our method achieves the optimal trade-off
between training parameter count and MAE. Furthermore, it
also demonstrates faster convergence, surpassing other meth-
ods by the end of the first epoch.

b) Adapter dimension: We analyzed the impact of dif-
ferent adapter dimension on model performance and training
parameters. The experimental results, as shown in Figure 5 ,
thoroughly validate the effectiveness and parameter efficiency

of our proposed method. When adapter dimension is equal to
8, our method introduces only 0.2M parameters (0.23% of the
fully tuning encoder parameters), reducing the MAE by 11.9%
/ 8.2% (Trans. / Rot.), while the vanilla Adapter, with nearly
the same number of parameters, only achieves a 4.6% / 4.2%
(Trans. / Rot.) reduction. This demonstrates that the adapter
proposed in this paper can efficiently capture the spatial
structural characteristics of the heart with a minimal number
of parameters, addressing the issue of significant information
loss in low-dimensional spaces typical of traditional Adapters.

Furthermore, when the adapter dimension of our method
increases from 8 to 128, the parameter count grows by 31.7×
while the MAE decreases by 9.2% / 6.3% (Trans. / Rot.). In
contrast, for the vanilla adapter, the parameter count increases
by 15.4× with only a 0.2% / 2.0% (Trans./Rot.) MAE reduc-
tion. This proves that our interaction module enables more
effective parameter utilization, with each additional parameter
contributing to a larger performance gain.

D. Visualization
Finally, we visualized the model’s output, as shown in

Figure 6. Based on the action predicted by the model, we
computed the posture achieved after executing the action. We
then performed nearest-neighbor retrieval in the scan sequence
based on this posture, comparing the retrieved plane with the
target plane. The results show that the model successfully
guides the probe to the target plane. Furthermore, it can be
observed that the model outputs remain consistent for images
from the same probe position but at different cardiac phases,
indicating robustness to the cardiac cycle. In addition, for non-
standard planes or planes of very poor quality with no obvious



Fig. 5: Ablation study on adapter dimension of the EchoCLIP model.
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Rot [40.16, 38.79, 127.54]

Trans [-9.23, -60.7, 26.1]
Rot [40.05, 39.26, 127.32]

Trans [-0.68, 5.32, -4.74]
Rot [7.59, 46.39, 42.95]

Trans [-0.3, 5.51, -4.75]
Rot [7.42, 45.77, 42.82]

At same probe position but different cardiac phases

systole

diastole

At same probe position but different cardiac phases

systole

diastole

Trans [-10.67, 2.54, 15.4]
Rot [-34.06, 5.01, -38.42]

Trans [-69.9, 28.16, 3.56]
Rot [16.62, 28.12, -10.06]

Non-standard plane

Trans [16.2, -44.7, 9.75]
Rot [7.06, 25.72, 95.69]

Trans [-4.26, 2.27, -1.29]
Rot [14.42, -5.24, -9.57]

Current plane is of poor quality, with no obvious visual features 

Fig. 6: Visualization of the model’s prediction.

visual features, our sequence model is still able to infer the
correct decision based on the relationships between images and
actions in the input sequence. This capability is not attainable
with single-frame models.

E. Inference Real-time Analysis

We evaluated the real-time inference performance of our
model on two different GPUs: A100 and RTX 3090. As shown
in Table III, the inference time for a single input sequence is
approximately 10 milliseconds on both devices, which fully
meets the requirements for real-time performance in clinical
applications. Moreover, it can be observed that the introduction
of the VA-Adapter has a negligible impact on inference speed.
This demonstrates that our method not only achieves high
accuracy but also maintains excellent computational efficiency,
making it suitable for deployment in time-sensitive ultrasound
guidance scenarios.

TABLE III: Inference real-time analysis. We show the infer-
ence time for one sequence on various GPU devices.

Method RTX3090 A100

BiomedCLIP 10.020 ms 8.464 ms
BiomedCLIP + VA-Adapter 10.548 ms 8.964 ms

USFM 10.680 ms 9.380 ms
USFM + VA-Adapter 11.240 ms 9.804 ms

EchoCLIP 11.104 ms 9.476 ms
EchoCLIP + VA-Adapter 11.828 ms 9.700 ms

V. CONCLUSION

In this paper, we propose VA-Adapter, a lightweight module
that empowers ultrasound diagnostic foundation models with
probe guidance capability by modeling vision-action interac-
tions during feature encoding. By combining basic knowledge
from the ultrasound foundation model with personalized 3D
cardiac structures learned from the VA-Adapter, our model



achieves excellent probe guidance performance. Compared to
fully fine-tuning methods, our approach reduces the training
parameter count by 95.4%–97.0% and decreases guidance
error by 10.5%–22.8%. Extensive experiments further validate
the higher parameter efficiency and better guidance perfor-
mance of our method compared with state-of-the-art baselines.
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