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Abstract

Echocardiography and vascular ultrasound are essential
for comprehensive cardiovascular assessment, yet manual
evaluation and writing reports are labor-intensive, time-
consuming, and require expertise from both cardiology and
vascular surgery departments. Current automated report gen-
eration systems mainly focus on X-ray or CT, often neglect-
ing echocardiographic modalities and critical quantitative pa-
rameters like aortic diameter and main pulmonary artery di-
ameter, limiting their clinical utility. Moreover, the interde-
pendence between cardiac and peripheral vascular health ne-
cessitates cross-departmental insights, which existing meth-
ods fail to incorporate. To address these limitations, we first
propose the vision-language framework named the Echo-
Cardiac-Vascular (ECV), for joint cardiac and vascular ultra-
sound report generation and parameter measurements. ECV
introduces a Mixture-of-Experts vision encoder tailored for
distinct ultrasound subtypes, a structured parameter measure-
ment module for accurate quantification, and task-specific
decoders that generate interpretable, multimodal diagnostic
reports. Our framework, trained on 10K+ paired records,
achieves high accuracy, improving diagnostic efficiency, con-
sistency, and cross-disciplinary clinical applicability.

Introduction

Echocardiogram and carotid artery screening play a piv-
otal role in diagnosing heart and vascular diseases, respec-
tively, requiring comprehensive evaluation of numerous pa-
rameters such as aortic diameter (AOD), main pulmonary
artery diameter (MPAD), and Right Atrial Diameter (RAD),
leading to a final diagnosis (Deng et al. 2024; Yang et al.
2023a). Consequently, cardiac screening report and vascu-
lar report are inherently lengthy and detailed, encompassing
multifaceted assessments of heart and blood vessel func-
tion and biological parameters, (Pillai et al. 2024). Com-
pared to radiologists, cardiology sonographers and Vascular
surgeons face a heavier workload, as each examination de-
mands meticulous analysis of over a dozen parameters and
the generation of extensive documentation. Compounded by
a global shortage of trained personnel, these challenges un-
derscore the urgent need for automated cardiac report gen-
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Figure 1: The motivation of our ECV framework. Previous
cardiac and vascular measurements require manual assess-
ment by specialists like echocardiographers and sonogra-
phers, whereas our ECV framework uses a vision-language
model with the mixture-of-expert architecture to automati-
cally deliver accurate multi-domain measurements, simulat-
ing cross-departmental collaboration.

eration and vascular report generation to enhance workflow
efficiency and reduce clinician burden.

Recently, automated medical report generation (Wang
et al. 2023) has emerged as a promising solution to mit-
igate these challenges and enhance the overall efficiency
of the diagnostic process, attracting significant research in-
terest. For instance, Li er al. (Li et al. 2023b) proposed
a dynamic knowledge graph with a contrastive learning
method for chest X-ray report generation, which adaptively
updates graph structures and nodes while leveraging con-
trastive learning to improve visual-textual alignment. De-
spite the notable progress achieved by these latest studies,
they remain limited in two key aspects. (1) Existing studies
primarily focus on X-ray (Li et al. 2023b; Huang, Zhang,
and Zhang 2023; Yang et al. 2022, 2023b) and CT (Liu
et al. 2021; Hamamci, Er, and Menze 2024) report gener-
ation, with very limited exploration of other imaging modal-
ities such as echocardiogram and carotid artery. (2) Cur-
rent automated report-generation methods fail to incorpo-
rate the evaluation and analysis of key biological param-
eters. However, these parameters (e.g., AOD, MPAD) are



critical for comprehensive cardiac and vascular screening.
The omission of such essential metrics in prior approaches
limits their clinical applicability, rendering them potentially
unsuitable for echocardiographic report generation.

In clinical practice, one observation has shown that car-
diac function, which is responsible for systemic blood sup-
ply, often exhibits concomitant abnormalities in peripheral
vasculature when impaired (Mounsey et al. 2025; Joyce
and Wang 2020; Wright et al. 2004). Therefore, accu-
rate diagnosis of cardiac pathologies not only requires
cardiovascular physicians (from cardiology department) to
possess an in-depth understanding of cardiac pathophys-
iology but may also necessitate comprehensive analysis
incorporating knowledge of peripheral vascular systems
(from vascular surgery department). For instance, in the di-
agnosis and treatment of coronary artery disease, while car-
diologists evaluate cardiac function, vascular surgeons fre-
quently utilize carotid ultrasound to assess plaque burden
and stenosis severity, enabling collaborative determination
of disease progression and more precise therapeutic strate-
gies (Naghavi et al. 2024). However, training physicians pro-
ficient in both cardiac and peripheral vascular ultrasound
examinations typically requires over a decade, making it
challenging to meet the growing clinical demands (Speranza
et al. 2025; Lafitte et al. 2025). Consequently, there is an ur-
gent need to develop novel automatic generating diagnostic
report technologies capable of synchronously analyzing car-
diac and peripheral vascular ultrasound images.

Building upon this analysis, we first collected a large-
scale Cardiac and Vascular Ultrasound (CVU) multi-
modal dataset comprising 11,276 paired patient records
from cardiology and vascular surgery departments with a
total of 335,151 ultrasound images. Subsequently, we pro-
posed ECV (see Figure 1), the first multimodal large lan-
guage model specifically engineered for joint cardiac ultra-
sound and vascular examination report generation and pa-
rameter measurement that covered 25 key metrics (see Table
Al in Appendix). This framework pioneers the integration
of cross-departmental data to enable comprehensive cardiac
and vascular assessment. Specifically, our proposed ECV
framework is a vision-language model (VLM)-based archi-
tecture tailored for the joint analysis of cardiac and vascular
ultrasound images.

Our framework addresses key limitations in automated
ultrasound report generation and parameter measurement
through three integrated innovations. First, we introduce
a Mixture-of-Experts-based vision encoder, where experts
specialize in distinct anatomical regions or modalities (e.g.,
echocardiographic vs. vascular ultrasound). A lightweight
gating mechanism dynamically selects and combines ex-
perts during inference, enabling adaptive, context-aware fea-
ture extraction with improved generalization and modular-
ity. Second, unlike prior ‘black-box’ approaches (Moor et al.
2023; Zhu et al. 2023; Chen et al. 2024; Li et al. 2023a),
our framework includes a structured parameter measure-
ment module that accurately quantifies key cardiovascu-
lar metrics (e.g., AOD, MPAD). These interpretable mea-
surements guide the task-specific visual-language model to
generate clinically coherent diagnostic reports. Finally, by
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jointly modeling cardiac and vascular data, our framework
supports a multimodal, cross-departmental approach to au-
tomated cardiovascular assessment—advancing the state of
the art in precision and clinical interpretability. In summary,
the primary contributions are outlined as follows:

* We introduce the first large-scale multimodal dataset
of 11,276 paired cardiac and vascular ultrasound ex-
aminations with expert-annotated reports, enabling inte-
grated modeling of cardiovascular and peripheral vascu-
lar health.

* We propose a MoE-based VLM framework named ECV
that can dynamically adapt to diverse ultrasound modali-
ties through specialized representations, enhancing accu-
racy and generalization in several tasks.

* Our ECV framework achieves precise joint cardiac and
vascular parameter measurements and generates clini-
cally reliable, interpretable reports by aligning textual
findings with quantified data.

Related Work
Automated Parameter Measurement in Ultrasound

Automated measurement of clinical parameters in ul-
trasound imaging has made substantial progress, espe-
cially in echocardiography. Recently, segmentation-free re-
gression frameworks such as EchoNet-Dynamic (Ouyang
et al. 2020), EchoClip (Christensen et al. 2024), and
EchoPrime (Vukadinovic et al. 2024) have attracted
widespread attention, which can directly estimate functional
indices from echocardiogram videos. Self-supervised pre-
training and contrastive learning have further improved gen-
eralizability (Holste et al. 2024; Yang et al. 2023a; Deng
et al. 2024). More advanced architectures employ uncer-
tainty modeling or metric supervision, while parameter-
efficient tuning techniques like LoRA (Hu et al. 2022)
allow for the adaptation of large-scale visual encoders
to ultrasound-specific domains. Meanwhile, sparse expert
models such as Mixture-of-Experts (MoE) (Shazeer et al.
2017; Huai et al. 2025) offer modularity for handling het-
erogeneous input modalities. Despite these advances, most
methods focus exclusively on cardiac measurements and op-
erate in isolation from vascular assessments. In contrast,
our work establishes a unified framework that simultane-
ously quantifies both cardiac and vascular parameter mea-
surements, enabling a more physiologically coherent and
clinically comprehensive evaluation.

VLMs for Medical Report Generation

Medical report generation has evolved from early CNN-
RNN pipelines (Yin et al. 2019; Chen et al. 2020) to
transformer-based architectures such as Clinical-bert (Yan
and Pei 2022) and Metransformer (Wang et al. 2023) that
leverage structured knowledge, clinical priors, and expert-
designed tokens (Wang et al. 2023; Huang, Zhang, and
Zhang 2023). While these models have shown success in
modalities with static, well-localized findings in medical
modalities such as chest X-rays (Wang et al. 2018). How-
ever, their application to ultrasound remains limited, where



ultrasound presents unique challenges due to its dynamic,
multi-view acquisition, operator dependency, and the need
for precise anatomical localization, compounded by the
scarcity of large-scale, well-annotated report-image pairs.
Recently, large vision-language models (VLMs) such as
MiniGPT-4 (Zhu et al. 2023), LLaVA-Med (Li et al. 2023a),
and PMC-VQA (Zhang et al. 2023) have demonstrated
promising capabilities in medical visual question answering
and image captioning. However, these models often generate
descriptive text without grounding in quantitative measure-
ments, resulting in reports that lack the specificity required
for clinical decision-making. To bridge this gap, our ECV
framework integrates structured parameter estimation with
a vision-language decoder, combining modality-specific vi-
sual experts and cross-modal alignment to generate clini-
cally coherent, quantitatively grounded reports for cardiac
and vascular ultrasound, advancing from generic descrip-
tions toward diagnostic-level precision.

Methodology

As illustrated in Figure 2, our proposed framework enables
robust and automated analysis of ultrasound images, fo-
cusing on accurate parameter measurement and structured
report generation. The methodology is composed of three
core components: (1) Preprocessing and feature extraction,
(2) Vision encoders with expert adaptors, and (3) Visual-
Language Model for parameter measurement and report
generation.

Preprocessing and Feature Extraction

This initial stage standardizes input images for downstream
processing through cropping, padding, and proportional re-
sizing, these critical steps given the high variability of ultra-
sound images across devices and protocols. Feeding raw im-
ages directly into the vision encoder risks information loss
or distortion, especially when preserving anatomical pro-
portions is essential for diagnosis. As shown in Figure 2,
cropping isolates the region of interest (ROI), removing ir-
relevant structures to reduce noise and improve efficiency.
Given an original image I € R7*WX*C the ROI is a sub-
image Igor € R"*%XC Padding preserves the aspect ra-
tio during resizing by adding zero-padding if Iror does not
match the target input size (Hj, W), preventing geometric
distortions. Proportional resizing then maintains spatial re-
lationships within the ROI, crucial for tasks like chamber
segmentation or valve detection.

Given the padded image Ijq € RMwaXwmXC | the re-
sized image Irgire € RTXWsxC g obtained by Iege =
resize(Ipad, min(%, E::d )). Finally, window partitioning
allows local feature extraction with attention mechanisms,
mimicking how clinicians examine specific regions of an
image in detail. To facilitate efficient feature extraction by
the vision encoder, the resized image is divided into non-
overlapping windows. Each window W;; € RP*P*C jg ex-
tracted from Ire,e using a sliding window approach: W;;

Iresize[iP : (i+1)P,jPZ (j+1)P7 :]’ i: 07 1’ Tt LHDJ -

P
1, 7=0,1,.. LVIZJ — 1, where P is the window size.
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Vision Encoders with Expert Adaptors

This module uses Vision Transformers to extract semantic
features from processed image windows. Given limited an-
notated ultrasound data, full fine-tuning is impractical due
to computational cost and overfitting; instead, we use Low-
Rank Adaptation (LoRA)-based (Hu et al. 2022) Expert
Adaptors for efficient, effective adaptation. Their modular
design enables transfer across modalities (e.g., echocardio-
graphy and vascular ultrasound) without full retraining. A
Mixture-of-Experts architecture further enhances flexibil-
ity, with each expert specializing in a specific modality or
anatomy, and a lightweight gating mechanism dynamically
selects relevant experts during inference for context-aware
feature extraction.

Given an image window W;; € RHxWaxC it is first flat-
tened into patches and linearly embedded to form a sequence
of tokens X € RWV+DXd where N = % denotes
the number of patches and d is the embedding dimension.
Positional embeddings are added to preserve spatial infor-
mation before passing the input through transformer blocks.
Instead of fully fine-tuning the entire vision encoder (Bai
et al. 2025), which is both computationally expensive and
prone to overfitting due to limited annotated ultrasound data,
we employ LoRA modules. These insert low-rank matrices
U € R and V € R™% into the weight matrices W of
the attention layers with W/ = W + UV, where r < d is
the rank of the adaptation matrix. This significantly reduces
the number of trainable parameters while preserving model
expressiveness.

To enable specialized adaptation to different ultrasound
imaging domains, we implement a MoE mechanism. Un-
like conventional fine-tuning strategies that apply uniform
parameter updates across all modalities, our approach as-
signs dedicated adaptors as expert modules, each tailored
to a specific anatomical structure or imaging context. Let
& = {E1,E,,...,Ex} denote a set of K expert low-rank
modules, each responsible for adapting the base vision en-
coder to a particular ultrasound domain. A lightweight gat-
ing network that is denoted as G(-) dynamically selects a
sparse combination of these experts based on the input im-
age characteristics:

K
ap = G(Wij)lm Zk:l ap = 17 (077 2 0» (l)

where oy, represents the weight assigned to expert Ej,. The
adapted weight matrix becomes:

K
W' = W+Zk:1 ap U Vi. 2)

This MoE-based design offers several key advantages. (i)
Each expert adapts only to its designated domain, leading
to better generalization and robustness compared to single-
domain fine-tuning. (ii) Parameter Efficiency: Only a small
subset of the total parameters is activated per inference step,
reducing computational load and memory usage. (iii) Trans-
ferability: Pre-trained experts can be reused or recombined
for new tasks, supporting rapid deployment in unseen ultra-
sound applications. (iv) Interpretability: The gating mech-
anism provides insights into which expert(s) are most rel-
evant for a given input, aligning with clinical expectations
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Figure 2: Overall pipeline of ECV framework. Our framework comprises vision encoders for different types of ultrasound and
a language model decoder to process multimodal inputs. The vision encoder processes native-resolution inputs with dynamic
length, preserves aspect ratios via augmentation, routes features through echocardiography or vascular ultrasound LoRA ex-
perts, and jointly decodes them with prompts to generate Electronic Health Record (EHR) content or parameter measurements.

of modality-specific expertise. By combining expert adap-
tors with MoE principles, our architecture achieves efficient,
scalable, and interpretable adaptation of vision encoders to
the heterogeneous nature of medical ultrasound imaging.

Parameter Measurement and Report Generation

The final output module integrates visual and textual modal-
ities to generate structured diagnostic reports. Given that
ultrasound interpretation combines visual assessment with
standardized reporting, we employ a visual-language model
to align visual embeddings from MoE vision encoders with
text embeddings from diagnostic prompts. Cross-modal at-
tention enables contextual understanding of visual find-
ings through clinical language, facilitating the generation
of coherent and clinically meaningful reports. This mod-
ule bridges low-level visual features and high-level clinical
interpretation. Following feature extraction and multimodal
fusion via the MoE mechanism, the system performs pre-
cise parameter estimation—covering anatomical dimensions
(e.g., ventricular diameters), functional metrics (e.g., ejec-
tion fraction), and qualitative descriptors (e.g., valve mor-
phology)—which are seamlessly incorporated into the gen-
erated reports.

Let Z, € RY*D denote the sequence of visual em-
beddings extracted from the image windows, and Z; €
RMXP represent the text embeddings derived from struc-
tured prompts or templates. The fused representation Zy €
RP is obtained via cross-modal attention (Bai et al. 2025).
This fused representation is then used for two downstream
tasks with task-specific decoders. Firstly, for continuous
clinical measurements, such as ventricular size or ejection
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fraction, the system employs a lightweight multi-layer per-
ceptron (MLP) to regress the quantitative values: The regres-
sion head is trained using a mean squared error (MSE) loss:

Laise = = S0 llyiee — 40117 yree = MLPy(Zp),  (3)
(t)

where T' is the number of numerical parameters, Yreg is

the predicted value, and yg) is the corresponding ground

truth. Then, to generate structured diagnostic reports, the
fused representation Z; is fed into the decoder-based lan-
guage model, which autoregressively generates a textual re-
port R = {r1,ra,...,r7} conditioned on the visual input:

R=LLM(Z,). )
The language model is trained using a standard cross-
entropy loss over the generated tokens:

1 T
Loe=—7),_  logp(ri'|1%,.2p), ()

where 7% denotes the ground-truth token at position ¢. The
overall training objective combines both tasks into a unified
multi-task loss as £ = A1 - Luse + A2 - Lcg, where A1 and
Ao are hyperparameters balancing the contributions of the
regression and generation objectives.

Our ECV framework supports automated ultrasound in-
terpretation in real-world settings. To ensure clinical accu-
racy, report generation is guided by domain-specific tem-
plates and controlled decoding, including keyword con-
straints and syntactic structure enforcement. Our design
combines quantitative measurements with structured narra-
tive reports to ensure that the system supports both objective
analysis and subjective interpretation, aligning closely with
real-world clinical workflows.



Med-Flamingo  MiniGPT-Med

HuaTuo-7B

Med-Llava HuaTuo-34B

Tasks Metrics g0 et al. 2023) (Zhu et al. 2023) (Chen et al. 2024) (Li et al. 2023a) (Chen et al. 2024) O
Precision 1 - - 75.68 75.68 77.42 100.00
Recall - - 43.55 21.16 23.68 99.45

PM  FI Score 1 - - 53.05 31.05 36.26 99.72
MAE | - - 16.05 15.55 13.25 572
RMSE | - - 23.71 27.57 19.61 12.43
BLEU-1 71 11.99 15.29 28.62 18.25 31.99 34.90
BLEU-4 1 0.80 1.21 4.81 2.63 13.05 5.82

CRG ROUGE-1 1 17.16 14.16 27.92 21.37 52.55 54.70
ROUGE-L 1 12.34 10.79 18.69 14.21 47.82 51.40
BertScore 1 59.92 59.08 65.09 59.24 82.78 87.37
BLEU-1 71 11.08 16.22 19.95 14.29 12.02 24.58
BLEU-4 1 1.07 1.28 3.23 1.87 2.15 6.67

VRG ROUGE-1 1 13.84 14.44 21.73 17.12 7.86 29.32
ROUGE-L 1 10.18 10.37 16.23 11.83 7.79 28.42
BertScore 1 60.69 59.68 61.81 57.14 71.90 81.98

Table 1: The comparison between different methods in the report generation task. Results! reported in metrics Precision,
Recall, F1 Score, MAE, and RMSE for Parameter Measurement (PM) task, while BLEU-1, BLEU-4, METEOR, ROUGE-L,
and BertScore for Cardiac Report Generation (CRG) and Vascular Report Generation (VRG) tasks.

Results
Dataset

The proposed Cardiac and Vascular Ultrasound (CVU)
dataset was collected from the Clinical Medical College
of Dali University, the First Affiliated Hospital of Dali
University, with a total of 11,276 patients with both Car-
diac and Vascular ultrasound. Each part contains 10-30
ultrasound images, including echocardiogram images and
Doppler spectrum images, which are collected by profes-
sional ultrasound physicians and saved according to speci-
fications and standards of guidelines (Mitchell et al. 2019).
The collection process was approved by the ethics commit-
tees of local hospitals. A senior and experienced sonogra-
pher from the hospital will perform manual parameter mea-
surements based on ultrasound images of these patients. In
total, over 25 key parameters that reflect cardiac and vascu-
lar functions are annotated, and abbreviations of these pa-
rameters are illustrated in Table A1 of our Appendix. More-
over, EHRs are written to evaluate the cardiac/carotid con-
dition of patients. Images are captured by local sonogra-
phers from various ultrasound devices, such as Samsung and
SonoScape. There are a total of 201,273 cardiac ultrasound
images and 133,878 Vascular Surgery ultrasound images in
CVU dataset. In total, our dataset was split with 10,276 cases
for training and 1,000 cases for testing. This study has been
approved by the hospital ethics committee (approval num-
ber: LLYJ2024-202-089). Each case and its metadata were
anonymized, and all personally identifiable information was
removed to prevent any leakage of identifying details.

Experimental Details

Training. We employ the Qwen-2.5-VL-3B model (Bai
et al. 2025) as the basic model. Fine-tuning with a batch
size of 128, employing the cosine learning rate schedule
with a warmup ratio of 0.03. The learning rates for the
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Method HuaTuo-7B Med-Llava HuaTuo-34B | ECV
(Chen et al. 2024) | (Li et al. 2023a) | (Chen et al. 2024) | (Ours)
AoAnn 20.40 21.41 13.91 2.62
AoD 22.20 22.18 25.44 1.76
AR Vmax 1.34 1.67 1.21 0.76
CI 1.07 1.08 0.69 0.19
(¢(0) 1.08 0.92 1.17 0.28
E/A 4.10 9.52 6.02 0.76
EF 9.48 9.44 6.98 4.27
IVST 6.70 6.95 8.30 0.60
LAD 34.05 42.89 47.12 1.86
LVPWT 6.62 6.66 5.81 1.15
LVEDd 30.33 22.27 16.92 2.22
LVESD 22.17 22.36 19.02 3.94
LVEFS 24.23 26.39 29.22 2.89
MPAD 16.27 17.43 11.43 1.47
PASP - - 12.03
PR Vmax - - - 0.57
PV 1.18 3.02 2.89 0.68
RAD 23.52 23.95 18.07 1.93
RVD 19.84 21.05 15.55 3.33
RVOT 16.86 12.74 13.86 1.64
Supra-Ao 491 7.71 4.14 0.05
Supra-Pulm 0.92 - - 0.25
TRPG 25.00 7.33 5.29 10.02
TR vmax 1.53 1.66 2.01 0.16

Table 2: Parameter measurement result performed by differ-
ent methods. Results! are reported in MAE. Med-Flamingo
and MiniGPT-Med fail in measuring parameters.

main model, merger, and vision components were set to
le-4, le-5, and 2e-6, respectively. We applied adaptors
with a rank of 64 and a dropout rate of 0.05. In our
fine-tuning process, we meticulously handled image data
to enhance model performance. Images were resized and
decoupled into patches to ensure a minimum and maximum
of 256 x 28 x 28 and 512 x 28 x 28 pixels, respectively. We
employed random sampling with each sample containing
between 5 to 20 images.



Modality Ablation

Component Fine-tuning Ablation

Training Strategy Ablation

Task Metric Cardiac Only Vascular Only Ours (Fused)|LLM Decoder Only Vision Encoder Only Ours (Both)|Parameter-Only Report-Only Ours (Joint)
Precision T 82.10 79.34 100.00 74.14 83.27 100.00 84.28 - 100.00
Recall 1 98.20 97.01 99.45 23.97 90.70 99.45 99.98 - 99.45

PM FI1 Score T 83.71 81.23 99.72 38.21 82.36 99.72 85.02 - 99.72
MAE | 6.15 6.89 5.72 7.48 6.77 5.72 6.01 - 5.72
RMSE | 42.30 45.12 12.43 61.56 55.03 12.43 40.46 - 12.43
BLEU-1 1 16.01 35.85 34.90 9.52 29.89 34.90 12.59 30.63 34.90
BLEU-4 1 2.54 6.19 5.82 1.94 4.41 5.82 1.42 5.84 5.82

CRG ROUGE-1 1 25.90 58.58 54.70 14.30 46.70 54.70 16.79 49.72 54.70
ROUGE-L 1 24.66 55.52 51.40 13.79 44.97 51.40 14.60 48.07 51.40
BertScore 1 86.35 86.54 87.37 66.96 78.05 87.37 63.67 88.43 87.37
BLEU-1 1 4.24 19.41 24.58 4.83 16.82 24.58 7.92 8.46 24.58
BLEU-4 1 0.82 3.84 6.67 0.37 2.90 6.67 1.83 0.56 6.67

VRG ROUGE-1 1 4.09 19.19 29.32 4.88 20.11 29.32 3.88 8.11 29.32
ROUGE-L 1 3.94 18.62 28.42 4.79 19.67 28.42 3.03 8.03 28.42
BertScore 1 78.64 79.88 81.98 68.12 74.69 81.98 61.80 71.93 81.98

Table 3: The ablation studies of ECV. Results® reported in metrics Precision, Recall, F1 Score, MAE, and RMSE for Parameter
Measurement (PM) task, while BLEU-1, BLEU-4, METEOR, ROUGE-L, and BertScore for Cardiac Report Generation (CRG)
and Vascular Report Generation (VRG) tasks. For each ablation experiment, all other modules are fully enabled (e.g., in com-
ponent fine-tuning ablation, both cardiac and vascular modalities are input, with parameter measurement and report generation

tasks jointly trained).

Inference and Metrics. During the inference stage, all im-
ages were resized and decoupled to patches with a fixed size
of 256 x 28 x 28 pixels and included in the input sequence.
A unified prompt template was applied across all compari-
son methods to ensure fair evaluation. For parameter mea-
surement, we report metrics Mean Absolute Error (MAE),
Root Mean Square Error (RMSE), and Pearson correlation
in the parameter measurement task. For report generation,
we employed BLEU, ROUGE, and BERT-Score to evaluate
the quality of generated reports (see Appendix Section Al).
Precision and Recall evaluate whether the model regresses
exactly the set of predefined clinical parameters, ensuring
no hallucinated metrics, instead of regression accuracy (as-
sessed by MAE/RMSE). High precision/recall means all re-
ported number corresponds to a valid, expected parameter.

Quantitative Analysis

Compared with Echocardiographers. As shown in Ta-
ble 2 and Figure 3, our ECV framework closely matches
manual measurements by experienced echocardiographers.
It achieves notably low MAE for MPAD (1.47), IVST (0.60),
and Aod (1.76), with similarly low RMSE, demonstrat-
ing high precision. Performance remains strong for LVEDd
(2.22), LVFES (2.89), EF (4.27), and RAD (1.93), with clin-
ically negligible errors. This accuracy is enabled by ex-
pert adaptors in our visual-language model, which address
domain-specific challenges and support structured reporting.
See Section A2 and Figures A1-A6 in the Appendix for case
studies.

Compared with State-of-the-art Methods in Parameter
Measurement. Tables 1 and 2 show that ECV significantly
outperforms existing methods (Moor et al. 2023; Zhu et al.
2023; Chen et al. 2024; Li et al. 2023a). For AoAnn, ECV

The appendices and supplementary materials are available at
https://github.com/YoreO/ECV.
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achieves MAE of 1.66 versus 20.40 (HuaTuo-7B) and 21.41
(Med-Llava); for MPAD, MAE is 1.47 versus 16.27 and
17.43. Similar gains are seen for LVEDd (2.22) and EF
(4.27). ECV also excels in vascular metrics (Supra-Ao:
0.048; TR Vmax: 0.16). Many baselines return “NA” due
to black-box designs that prioritize text over numerical out-
puts, limiting clinical utility. ECV’s Mixture-of-Experts vi-
sion encoder and structured measurement module enable
consistent, accurate quantification across cardiac and vascu-
lar parameters.

Compared with State-of-the-art Methods in Report Gen-
eration. In report generation, ECV surpasses all baselines
(Table 1). For cardiac reports, it achieves BLEU-1: 34.90
and BLEU-4: 5.82—substantially higher than HuaTuo-7B
(28.62, 3.10) and Med-Llava (18.25, 1.05). For vascular re-
ports, BLEU-1 is 24.58 and BLEU-4 is 6.67. ROUGE-L
scores (54.70 cardiac, 29.32 vascular) further confirm bet-
ter content alignment. Competing models suffer from weak
multimodal integration and lack explicit parameter mod-
eling: Med-Flamingo and MiniGPT-Med produce unstruc-
tured reports, while HuaTuo-7B and Med-Llava miss clini-
cal nuances due to single-expert designs. By unifying struc-
tured measurement with a visual-language model, ECV de-
livers precise, fluent, and clinically grounded reports across
departments.

Ablation Studies

Ablation of Modality. Table 3 (modality ablation) shows
the impact of ultrasound modalities in training the model.
The joint training achieved the best performance (param-
eter MAE: 5.72; BertScore: 87.37 and 81.98 for cardiac
and vascular reports). Training on cardiac ultrasound alone
yielded slightly lower results (MAE: 6.15; BertScore: 86.35,
78.64), while vascular-only training performed significantly
worse, particularly in cardiac parameter estimation (MAE:
6.89). These results show the complementary nature of car-
diac and vascular data: cardiac ultrasound captures detailed
cardiac function, while vascular ultrasound reflects periph-
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Figure 3: The cardiac parameters predicted by our ECV framework (y axis) and the parameters measured by echocardiographers
(x axis). Plots with different colors and shapes in each subfigure denote different types of cardiac parameters.

eral hemodynamics. Integrating both enables cross-domain
learning and improves diagnostic accuracy. While cardiac
data alone supports robust performance due to its rich mor-
phological content, relying solely on vascular data severely
limits cardiac assessment, underscoring the necessity of
multimodal integration for reliable clinical interpretation.

Ablation of Vision Encoder and LLM Decoder. We con-
ducted an ablation study on the Vision Encoder and LLM
decoder. As shown in component ablation of Table 3, joint
fine-tuning achieved the best performance, with a parame-
ter MAE of 5.72 and BertScore values of 87.37 and 81.98
for cardiac and vascular reports. Fine-tuning only the LLM
decoder yielded the worst results (MAE: 7.48; BertScore:
66.96, 68.12), while optimizing only on one modal also
dropped the performance (MAE: 6.89; BertScore: 86.54,
79.88). These results highlight the synergy between visual
feature extraction and textual generation. Fine-tuning the vi-
sion encoder alone improves image representation but fails
to produce coherent reports, whereas optimizing the LLM
decoder enhances language generation but cannot overcome
limitations from poor visual features. Joint fine-tuning en-
ables end-to-end optimization, aligning visual representa-
tions with language modeling, thereby improving both mea-
surement accuracy and report quality.

Multi-task and Single-task Finetuning. We evaluate
multi-task versus single-task fine-tuning in the ECV frame-
work in Table 3. Joint training achieves the best perfor-
mance. Parameter-only training yields high accuracy (MAE:
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6.01) but poor report quality (BertScore: 63.67, 61.80), re-
sulting in incoherent narratives. Report-only training gener-
ates readable text but lacks parameter measurement capabil-
ity and exhibits incomplete clinical coverage.

The advantage of multi-task learning lies in task synergy:
accurate parameter estimation provides quantitative ground-
ing for reports, while report generation enhances visual
understanding, improving measurement. This mutual rein-
forcement highlights the effectiveness of joint fine-tuning
for accurate, clinically meaningful ultrasound interpretation.

Conclusion

In this paper, we propose EVC, a novel vision-language
framework for automated report generation from cardiac
and vascular ultrasound. Unlike prior methods lacking ex-
plicit parameter estimation, EVC enables modality-aware,
adaptive feature learning across diverse ultrasound domains,
integrates accurate imaging quantification with structured
reporting, ensuring clinical relevance and interpretability.
We also introduce the first large-scale multimodal dataset
with paired images and expert-labeled reports, supporting
cross-departmental cardiovascular assessment. Our EVC has
strong potential to improve diagnostic efficiency and reduce
clinician workload. Limitations include reliance on high-
quality annotations and limited generalization across de-
vices. Future work will focus on domain adaptation, dataset
expansion to more centers, incorporation of temporal dy-
namics in echocardiographic sequences, and interactive re-
port generation with clinician feedback.
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