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Abstract

Ultrasound Report Generation (URG) aims to automatically
produce diagnostic reports from ultrasound images, signif-
icantly reducing the workload of sonographers. However,
URG remains underexplored due to the scarcity of high-
quality datasets and the inherent diversity of ultrasound
data. Unlike other radiology modalities such as X-rays, ul-
trasound imaging spans multiple organs and varies signifi-
cantly with operator technique, leading to highly diverse vi-
sual appearances and reporting styles. This diversity com-
plicates the design of generalizable report generation mod-
els, and overlooking it can negatively impact model perfor-
mance. In this work, we propose a Contrastive Ultrasound
Report-generation with Diversity-aware learning Network,
termed CURDNet, which explicitly accounts for the diverse
characteristics of ultrasound data. Specifically: (1) we in-
troduce EchoDice, a diversity-aware sampler that assembles
training batches with high intra-batch variation to mimic
cross-organ learning behavior and improve generalization;
(2) we jointly train ReportMatcher, a contrastive module
that distinguishes matched from mismatched report-image
pairs via self-supervision, and ReportGenerator, which pro-
duces textual reports from ultrasound images; and (3) we
propose ReportJudger, a large-language-model-based scor-
ing module that evaluates the relevance of retrieved reports.
Experiments on a representative URG benchmark demon-
strate that CURDNet outperforms existing methods from both
ultrasound-specific and general radiology domains. We hope
CURDNet serves as a strong and extensible baseline for fu-
ture ultrasound report generation research.

1 Introduction

Automatic report generation from medical images has
gained increasing attention in recent years, driven by the
promise of reducing clinicians’ workload on both writing
reports and teaching appearentees. Among existing stud-
ies, radiology report generation (RRG) has seen notable
progress (Chen et al. 2020; Zhang et al. 2020; Liu et al.
2021; Li et al. 2023; Jin et al. 2024; Park et al. 2025),
supported by large-scale radiology report datasets IU X-
ray (Demner-Fushman et al. 2016), MIMIC-CXR (Johnson
et al. 2019) and CheXpert (Irvin et al. 2019), which pro-
vided well-structured anotation by clinicians. In contrast, ul-
trasound report generation (URG), despite the ubiquity of
ultrasound imaging in clinical practice, seen less activities
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Figure 1: Comparison between IU X-ray and ultrasound re-
port dataset. (a) shows image distribution of the two modal-
ity; (b) shows image pairs of IU X-ray; (c) shows image
pairs of ultrasound report dataset; (d) shows ultrasound im-
age paris by organs.

due to the rareness of ultrasound report datasets (Li et al.
2025).

Ultrasound imaging, widely used in clinical settings for
its low cost, safety, and real-time capability, differs funda-
mentally from other radiological modalities like X-ray and
CT. It covers a broad range of organs and is highly operator-
dependent, leading to image acquisition variability and di-
verse reporting styles. For instance, reports describing thy-
roid findings can differ significantly from those describing
breast findings. As such, ultrasound report generation may
also be more difficult for models compared with radiology
case, as current radiology report generation datasets focus
mainly on chest, which is in a fix style and describe cer-
tain objects. We further illustrate this in Figure 1. Figure la



gives an overview of these two different dataset, where IU
X-ray dataset seems more consistent; Figure 1b,c outline
the paired images of same patient for X-ray and ultrasound,
respectively, indicating that X-rays are captured in standard-
ized views (e.g., PA and lateral) and are more uniform.
In contrast, ultrasound images lack such consistency, even
within the same organ. As shown in Figure 1d, where differ-
ent organs are highlighted in color, no clear pattern emerges.
The disordered gray connecting lines reflect the high vari-
ability of ultrasound in both image composition and report-
ing style.

Due to the diversity of ultrasound, clinicians often need
to repeatedly study different organs and cases in practice. In-
spired by this, we raise the question: can we mimic the sono-
grapher’s learning behavior to develop an ultrasound report
generation system that inherently handles diversity and dis-
tinguishes different cases? To this end, we introduce CURD-
Net, a novel framework that formulates ultrasound report
generation as a mutual-task learning problem, jointly opti-
mizing report generation and report-image retrieval. CURD-
Net comprises four key components: EchoDice, a diversity-
aware sampling strategy to maximize the diversity of data
loading; ReportMatcher, a contrastive learning module that
try to distinguish different report pairs; ReportGenerator,
trained for ultrasound report generation; and ReportJudger,
in order to quantitatively assess the model’s discriminative
capability, which is a text-based scoring module leveraging
large language method.

Our approach is straightforward yet quite effective, pro-
moting better generalization and cross-organ understanding
without requiring additional annotation. Experiments on a
public ultrasound report generation benchmark demonstrate
that CURDNet achieves competitive performance compared
to state-of-the-art baselines originally designed for radiol-
ogy tasks. These results suggest CURDNet provides a strong
baseline and a practical foundation for future research in ul-
trasound report generation.

To summarize, our main contributions are as followed:

1. We introduce EchoDice, a diversity-aware sampling
strategy aiming to maximize diversity during training.

2. We propose ReportMatcher and ReportGenerator,
jointly mutual-task learning network that jointly trains a
report generator and a contrastive retrieval module, ef-
fectively learning contrastive features and generate more
accurate reports.

3. We introduce ReportJuder, a text-based scoring module
that leverages large language models in order to quan-
titatively assess the discriminative quality of generated
reports.

2 Related Work
2.1 Radiology Report Generation

Radiology Report Generation (RRG) has gained increas-
ing attention with the availability of large-scale datasets
such as IU X-ray (Demner-Fushman et al. 2016), MIMIC-
CXR (Johnson et al. 2019), and CheXpert (Irvin et al. 2019).
These datasets, together with clinical evaluation metrics,

have driven the development of automated chest X-ray re-
port generation systems. Most recent RRG methods adopted
Transformer-based architectures inspired by image caption-
ing (Vinyals et al. 2015), enabling the modeling of long-
range dependencies between visual and textual information.

Representative approaches include R2Gen (Chen et al.
2020), which augmented Transformers with a memory mod-
ule to preserve key contextual information, and PPKED (Liu
et al. 2021), which predicted disease-related topics before
generating descriptive sentences. Subsequent works such
as RGKE (Yang et al. 2022) incorporated medical knowl-
edge graphs, while RGRG (Tanida et al. 2023) introduced
region-guided mechanisms for anatomical grounding. More
recent models like RG-MemoryAlign (Shen et al. 2024) and
MLRG (Liu et al. 2025) focus on aligning visual-textual
embeddings and leveraging multi-view longitudinal imag-
ing to improve temporal consistency. However, most of these
methods are designed for chest X-ray datasets with standard-
ized acquisition protocols, making them less directly appli-
cable to the operator-dependent and heterogeneous nature
of ultrasound imaging. However, these methods are tailored
to the relatively standardized characteristics of chest X-ray
imaging, and lack consideration for the complex and diverse
nature of ultrasound data.

2.2 Ultrasound Report Generation

Ultrasound Report Generation (URG) remains compara-
tively underexplored, primarily due to the scarcity of large-
scale annotated datasets and the unique characteristics of ul-
trasound imaging. Unlike X-ray or CT, ultrasound exami-
nations are highly operator-dependent, vary in imaging an-
gles, and are performed across multiple anatomical regions
(e.g., liver, thyroid, breast), each with different diagnostic
focuses and reporting conventions. These factors result in
greater variability in image appearance and textual descrip-
tions, complicating the design of unified modeling frame-
works.

Despite these challenges, a number of studies have
made early progress. AMAnet (Yang et al. 2021a) pro-
posed a multi-label classification network to extract local
semantic cues for guiding report generation. Deng (Deng
et al. 2024) further combined a Transformer-based language
model with a memory module and a hierarchical semantic
structure to produce more detailed descriptions. Most re-
cently, KMVE (Li et al. 2025) introduced knowledge-aware
visual feature enhancement, achieving state-of-the-art per-
formance across multiple organ-specific subsets of a newly
released ultrasound report dataset. These efforts highlight
the need for modeling strategies that explicitly account for
the diversity and complexity inherent to ultrasonography.
Compared with these approaches, our method places greater
emphasis on the diverse characteristics of ultrasound imag-
ing and aims to mitigate the performance degradation caused
by such variability during training.
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Figure 2: Architecture of the proposed method. (a) EchoDice is a “dice” that tries to filter data as much diversity as possible in
each batch; (b) ReportMatcher consists of an image encoder and text encoder designed to distinguish different pairs of training
samples; (c) ReportGenerator. The core part of our model for ultrasound report generation; (d) ReportJudger. An text-based

LLM-aided tool for evaluating how well a matcher does.

3 Methodology

Overview

As shown in Figure 2, to tackle the challenges posed by
the diversity of ultrasound data, we propose EchoDice to
enable the model to learn from the most diverse data si-
multaneously. Furthermore, we leverage the joint training
of ReportMatcher and ReportGenerator to enhance the
model’s learning capability in generating reports while dis-
tinguishing between different organ reports. Additionally,
we introduce ReportJudger, a large-model-based pure text
scorer, to evaluate the effectiveness of ReportMatcher.

3.1 EchoDice

In real-world ultrasound datasets, the distribution of organ
categories is often highly imbalance — some organs are
frequently imaged and richly annotated, while others are
rare and sparsely represented. Training model accordingly
can bias report generation models, limiting their generaliza-
tion to underrepresented organs. To address this, we propose
EchoDice, a diversity-aware sampling strategy designed to
expose the model to a broader spectrum of semantic pat-
terns during training. The name “Dice” reflects the stochas-
tic, roll-like behavior of our sampler in assembling organ-
diverse batches — akin to rolling a die where each number
would have same probability to appear.

Given a dataset D containing n organ categories
D ={01,04,...,0,},

where each category O; contains N; samples, we iden-
tify the most frequent class Op,x With Ny samples
and the rarest class Opy, with Ny, samples. Based on
this, EchoDice supports two complementary strategies: up-
sampling and down-sampling, both of which aim to ensure
class-level balance and semantic diversity.

To amplify exposure to rare organ categories, we replicate
instances from underrepresented classes so that they appear
more frequently in training. Let the batch size be B and the
number of categories per batch be k (tygically k <n). We
enforce B to be divisible by k to assign 7> samples per cate-
gory. In each iteration, we roll the “EchoDice” to uniformly
sample k distinct categories and draw % samples (with re-
placement if needed) from each. This up-sampling manner
ensures every batch is semantically diverse and gives bal-
anced attention to both common and rare organs.

Alternatively, a similar down-sampling can be applied
to prevent dominant categories from overwhelming training
by limiting each category to Ny, instances. For categories
where N; > Nuin, We can select N, samples without re-
placement. But we find that down-sampling behavior does
not help improve the performance hence is not adopted.

During training, EchoDice dynamically assembles
batches that are both balanced and semantically diverse.



However, this strategy is only applied during training. At
inference time, the model operates on the natural data
distribution without any sampling adjustments.

By focusing samely attention to each organs, EchoDice
encourages the model to generalize better across organs, en-
hancing its capability to generate accurate, diverse, and ro-
bust medical reports.

3.2 ReportMatcher

To mimic how clinicians compare similar cases, we intro-
duce ReportMatcher, a dual-encoder module aligning ul-
trasound images and reports in a shared embedding space.

Each training sample consists of an image pair
(Img,,Img,) and areport T' = [wy, - -+ ,wy]. Using a back-
bone F, image features are extracted as

[I1, I5) = [F(Img,), F(Img,)], 11,1, € R (1)
and aggregated via average pooling:
1
= 5([1 + ) € R0, 2)

For text, a Sentence-BERT encoder generates hidden
states

h = BERT(T) € RE*?, (3)
from which the [CLS] token is taken as the sentence feature
ticrs) = hcrs) € RY, “4)

then projected into the image space:
t = proj(ticLs)) € R (5)

A batch of B image-text pairs {(v;, t;) } forms a similarity
matrix S; ; = th j- We apply a symmetric contrastive loss:

exp(S;.,i/T)
Cor= 5 iy ©
exp(S;,i/T)
@”“BE: > epSn
1
»Cmatcher = §(£i2t + £t2i)7 (8)

where 7 is a learnable temperature. This encourages correct
image-text matches and separates mismatches in the embed-
ding space.

3.3 ReportGenerator

The ReportGenerator generates ultrasound reports condi-
tioned on visual input using a lightweight transformer-based
encoder-decoder design with three transformer layers.

We reuse the visual backbone F' from ReportMatcher and
take its intermediate features F[: —1] to form richer visual
tokens. For two input images (Img,, Img,), we compute the
average embedding:

v = 5(Fl: ~1](Img,) + F[: ~1)(img,)) € R,

where M is the number of visual tokens. A transformer en-
coder is then applied to capture intra-visual dependencies:

© = TransformerEncoder(v).

For text decoder, it is a standard transformer decoder.
Given partial report tokens 7' = [wq, ..., w;], it first ap-
plies masked self-attention over text, then cross-attends to
the encoded visual tokens v using multi-head attention:

KT
Attn(Qy, K, V,,) = softmax (Qt Y ) V.
Vd
The generator is trained with teacher-forcing and a cross-
entropy loss:

L
Loen = — Zlog P(wy | wet, D),

t=1

where L is the length of the report. This setup encourages
the model to align visual content with fluent text generation.

3.4 ReportJudger

To evaluate the semantic matching ability of the trained im-
age and text encoders in ReportMatcher without relying on
dense annotations, we propose a blind scoring scheme us-
ing a large language model (LLM). Specifically, we retrieve
the top-K and bottom-K candidates by calculating cross-
modality cosine similarity of image features and report fea-
tures, and present each query-candidate pair individually to
the LLM without revealing whether it belongs to the top or
bottom set. The LLM is instructed to judge the semantic rel-
evance between the query and each candidate description in
a binary fashion (relevant or irrelevant). We pro-
vide more details regarding the prompt setting in supple-
mentary materials.

Let ¢; be a query (image or text), and let R; =
{r}, ..., r?£} denote the retrieved candidates, consisting of
K top-ranked results and K bottom-ranked results. For each

pair (g;,r z) the LLM outputs a binary label:
s] = LLM(q;,7}) € {0,1},

where s] = 1 indicates the LLM judges the pair to be se-
mantically relevant.

We define the final retrieval consistency score over N
queries as:

K
> sl )

Mz

LLM-T@K = ———
N K
=1 j=1
N 2K
LLM-B@K = — KZ Z 57 (10)
i=1j=K+1

where LLM-T@K represents the proportion of top-K re-
sults judged relevant by the LLM, and LLM-B @K denotes
the proportion for the bottom- K results. A high LLM-T@K
and low LLM-B@K indicate that the encoder retrieves se-
mantically aligned content. As a scalar metric reflecting the
overall separation between top and bottom retrieval sets. In-
tuitively, LLM-T@K close to 1 and LLM-B@K close to 0
suggest that the encoder retrieves semantically meaningful
content at the top ranks while pushing irrelevant samples to-
ward the bottom.
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Split Method Publication 1\ | BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE-L Accuracy Precision Recall Fl Score
CNN-RNN (Vinyals et al. 2015) CVPR 0.114 0093 0078 0067 0221 0.185 0000 0496 0498 0.487
TriNet (Yang et al. 2021b) TMM 0.693 0594 0533 0478 0439 0742 0351 0816 0.697 0.727
R2Gen (Chen et al. 2020) EMNLP 0663 0611 0572 0541 0411 0685 0494 0800 0.761 0776

Mammary Transformer (Vaswani et al. 2017) NIPS 0.699 0.653 0.619 0.590 0.437 0.757 0.461 0.827 0.671 0.702
DeltaNet (Wu et al. 2022) ACL 0716 0665 0638 0608 0517 0758 0573 0819 0819 0818
R2GenRL (Qin and Song 2022)  ACL 0672 0595 0531 0479 0500 0651 0424 0793 0754 0771
SGF (Li et al. 2025) TMI 0761 0710 0.672 0.640 0468 0758 0586 0815 0.831 0.822
Ours : 0763 0711 0.670 0.637 0470 0755 0547 0905 0.906 0.905
CNN-RNN (Vinyals et al. 2015) CVPR 0.131  0.105 008 0069 0069 0207 0000 0448 0348 0.382
TriNet (Yang et al. 2021b) TMM 0.645 0510 0421 0345 0409 0678 0268  0.845 0769 0.803
R2Gen (Chen et al. 2020) EMNLP 0578 0532 0492 0457 0369  0.664 0404 0810 0.768 0.779

Thyroia  Transformer (Vaswani et al. 2017) NIPS 0709  0.642 0585 0538 0425 0701 0260 0717 0732 0724
DeltaNet (Wu et al. 2022) ACL 0610 0559 0515 0579  0.443 0685 0363 0837 0.784 0.795
R2GenRL (Qin and Song 2022)  ACL 0616 0595 0464 0414 0470 0599 0434 0834 0819 0.826
SGF (Li et al. 2025) TMI 0729  0.666 0613 0568 0439 0723 0524 0838 0850 0.841
Ours . 0733  0.670 0.615 0568 0440 0726 0514 0912 0924 0918
CNN-RNN (Vinyals et al. 2015) CVPR 0.049 0026 0011 0000 0119 0102 0000 0181 0068 0.070
TriNet (Yang et al. 2021b) TMM 0.868 0821 0785 0750 0531 0861 0039 0898 0.809 0814
R2Gen (Chen et al. 2020) EMNLP 0.866 0842 0822 0805 0537 0869 0530 0875 0.880 0.870

Liver Transformer (Vaswani et al. 2017) NIPS 0855 0832 0815 0800 0524 0873 0444 0749 0.785 0.765
DeltaNet (Wu et al. 2022) ACL 0873 0846 0825 0808  0.593 0862  0.568 0900 0.878 0.874
R2GenRL (Qin and Song 2022)  ACL 0853 0818 0791 0769  0.575 0842 0466  0.885 0875 0.879
SGF (Li et al. 2025) TMI 0872 0.848 0828 0813 0539 0875 0541 0879 0.894 0.883
Ours : 0.879 0851 0.828 0810 0544 0874 0579 0901 0.899 0.900

Table 1: Comparison of ultrasound report generation in terms of NLG and clinical efficacy metrics among different state-of-
the-art methods. Best results are in bold. Second best results are underlined.

4 Experiments
4.1 Settings

Dataset. Due to the scarcity of publicly available ultra-
sound image-report datasets, we evaluate our method on a
recently released dataset by (Li et al. 2025), which does not
contain any personally identifiable health information. The
dataset covers three different types of organs, including the
breast, thyroid, and liver. Specifically, the breast subset in-
cludes 3,521 patients, the thyroid subset contains 2,474 pa-
tients, and the liver subset comprises 1,395 patients. Each
sample consists of a pair of ultrasound images (Imagel,
Image?2) and a corresponding free-text finding. To ensure
fair comparison, we adopt the official train/validation/test
split provided in the dataset, with a ratio of 7:1:2 for each
organ.

Metrics. We evaluate report generation performance us-
ing standard Natural Language Generation (NLG) metrics,
including BLEU-1 to BLEU-4 (Papineni et al. 2002), ME-
TEOR (Denkowski and Lavie 2011), and ROUGE-L (Lin
2004). We also report the Clinical Efficacy (CE) following
steps described by (Li et al. 2025). We use ReportJudger
to evaluate the cross-modality retrieval performance. For all
but LLM-B@K metrics, a higher value indicates better per-
formance.

Training Settings. We adopt the pretrained CNN back-
bone ResNet101 (He et al. 2016) for both ReportMatcher
and ReportGenerator; we use bert—-base—-chinese (De-
vlin et al. 2019) for sentence embedding. The network is
trained under 100 epochs, where early stopping would apply
if no improvement observed during 15 consecutive epochs.
More settings can be found in Supplementary Material.

4.2 Results and Analysis

Generation Performance. Table 1 summarizes the per-
formance of our method compared to several state-of-the-art
approaches on the ultrasound report generation task, eval-
uated across three organ-specific subsets: mammary, thy-
roid, and liver. The table reports results in terms of both
natural language generation (NLG) metrics and clinical effi-
cacy (CE) metrics. Best results are highlighted in bold, and
second-best results are underlined.

Overall, our proposed ReportGenerator consistently
demonstrates superior performance. It achieves the highest
BLEU-1 and BLEU-2 scores across all three organ sub-
sets, indicating its capability in accurately reproducing rel-
evant n-gram patterns from reference reports. For BLEU-3,
BLEU-4, and ROUGE-L, our method ranks either first or
second in all organ splits, showcasing its strength in captur-
ing longer-term dependencies and overall fluency. Moreover,
our method also keeps competitive scores in the METEOR
metric.

In terms of clinical efficacy, which reflects the practi-
cal utility of generated reports in a medical setting, our
method achieves top performance on Precision, Recall, and
F1 Score metrics across all three organs. This underscores
the clinical relevance and correctness of the generated con-
tent. Although our model’s accuracy is slightly lower than
the highest-performing baseline in this metric (particularly
SGF), it remains comparable and still demonstrates robust
performance in practice.

Unlike SGF (Li et al. 2025), which trains separate models
for each organ to optimize performance, our approach em-
ploys a unified model architecture enhanced by EchoDice
and ReportMatcher, yet still outperforms or closely matches



Split Setting B-1 B-4 MTR R-L

TF 0.699 0.590 0.437 0.757
w/Mat. 0.733 0.598 0.455 0.736

Mammary i 0 0720 0586 0446 0.731
Ours 0.763 0.637 0.470 0.755
TF 0.709 0.538 0425 0.701
Thvioid | W/Mat. 0728 0560 0435 0723
Y w/ Dice.  0.690 0.529 0.416 0.715
Ours 0.733  0.568 0.440 0.726
TF 0.855 0.800 0.524 0.873
Liver w/Mat.  0.879 0.809 0.544 0.866

w/ Dice. 0.879 0.814 0.544 0.871
Ours 0.879 0.810 0.544 0.874

Table 2: Ablation study for ReportGenerator on other com-
ponents of the proposed method. “TF” denotes the Trans-
former baseline without any additional components. “w/
Mat.” indicates the model with the ReportMatcher, while
“w/ Dice.” refers to the model with the EchoDice. Best re-
sults are highlighted in bold.

specialized models. This demonstrates the scalability and ef-
ficiency of our framework, achieving state-of-the-art results
without the need for organ-specific training.

Ablation Study. To assess the individual contribution of
each component in our proposed ReportGenerator, we con-
duct a thorough ablation study by incrementally incorporat-
ing the ReportMatcher and EchoDice modules, as presented
in Table 2. The Transformer-only baseline (denoted as “TF”)
serves as a basic model for ReportGenerator. We then evalu-
ate performance when adding only the ReportMatcher (“w/
Mat.”), only EchoDice (“w/ Dice.”), and both modules to-
gether (“Ours”).

Across all organ subsets, integrating the ReportMatcher
consistently improves performance over the baseline Trans-
former, particularly on BLEU-1 and METEOR. This
demonstrates its effectiveness in refining the alignment be-
tween generated reports and clinically meaningful sentence
structures by leveraging retrieved historical reports.

The EchoDice module, when used in isolation, shows
mixed results. While it leads to performance gains in the
Mammary subset -—- most notably improving BLEU-1
from 0.733 to 0.763 when used together with Report-
Matcher — it has a limited standalone effect for the Thy-
roid and Liver subsets. However, when combined with Re-
portMatcher, EchoDice still contributes to slight but con-
sistent gains in multiple metrics, especially in longer n-
gram scores such as BLEU-4 and ROUGE-L. This suggests
that EchoDice complements semantic matching by injecting
organ-specific prior knowledge at the token level.

For the Liver subset, our full model achieves identical
or near-identical best scores across all metrics. This indi-
cates that while the Transformer baseline already performs
strongly for liver reports, the additional modules help fur-
ther consolidate performance, particularly for METEOR and
ROUGE-L.
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Figure 3: Text to imge retrieval performance. Both the top
K and bottom K performance are significantly better than
the baseline after our model training. This indicates that our
model is able to retrieve semantically relevant images for a
given text query.
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Figure 4: Image to text retrieval performance. Both the top
K and bottom K performance are significantly better than
the baseline after our model training. This indicates that our
model is able to retrieve semantically relevant texts for a
given image query.

In summary, both modules provide complementary bene-
fits: ReportMatcher enhances textual alignment and factual
consistency, while EchoDice contributes domain-specific
structural priors. Their combined use results in the best over-
all performance across most metrics and organ types, vali-
dating the effectiveness of our CURDNet.

ReportMatcher Performance. To assess the effective-
ness of the proposed ReportMatcher, we utilize Report-
Judger to compare semantic and clinical relevance metrics
before and after training. The evaluation results across three
organs are illustrated in Figures 3 and 4.

In these figures, LLM-T@1 (also labeled as Top K@1)
represents the proportion of pairs deemed semantically and
clinically relevant by the large language model (LLM).
For instance, a pair where one report describes the thy-
roid and the other describes the liver would be classified
as irrelevant. Similarly, a report about a thyroid nod-
ule and another about the general thyroid gland would also
be considered irrelevant. Only reports describing the
same clinical condition are labeled as relevant.

As shown in Figure 3a and Figure 4a, LLM-T@1 sig-
nificantly increases after training, indicating that Report-
Matcher effectively aligns cross-modal representations. For
example, in the ¢ — ¢ direction, Top K@1 improves from
0.27 to 0.71, demonstrating the model’s ability to bring se-
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intraglandular  blood flow signals.

detected in the bilateral cervical regions.

The thyroid gland is normal in size and
morphology. A cystic nodule is visualized at
the lower pole of the left lobe, measuring
approximately _2DS , with well-defined
margins and a regular shape. Color Doppler
Flow Imaging (CDFI) shows no detectable
blood flow signal. The remaining thyroid
parenchyma demonstrates homogeneous
echogenicity, and CDFI reveals no abnormal

d significantly enlarged lymph nodes are

The thyroid gland is normal in size and
morphology, with homogeneous
echogenicity. No definite space-occupying
lesion is identified. CDFI reveals no
abnormal intraglandular blood flow signals.

Multiple hypoechoic nodules are visualized
in the bilateral cervical regions, the largest
measuring approximately 2DS_ on the left
and _2DS_ on the right, with well-defined
margins and regular shapes. The “hilum sign”
structure  is  observed, and CDFI
demonstrates detectable blood flow signals.

The thyroid gland is normal in size and
morphology. A cystic nodule |visualized in
the left lobe, measuring
approximately _2DS _, with well-defined
margins and a regular shape. CDFI shows no
detectable blood flow signal. The remaining
thyroid parenchyma demonstrates
homogeneous echogenicity, and CDFI
reveals no abnormal intraglandular blood
flow signals. No significantly enlarged
lymph nodes are detected in the bilateral
cervical regions.
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Figure 5: Comparison of generated ultrasound reports. Text highlighted in green means that the words are both in generated text
and ground truth. Text highlighted in yellow means the ground truth words are not generated. We translate the original Chinese

text using ChatGPT for clarity.
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(a) t-SNE before training (b) t-SNE after training

Figure 6: t-SNE visualization of the joint embedding space
before and after training. The left figure shows the un-
trained model, where image and text embeddings are not
well aligned. The right figure shows the trained model,
where image and text embeddings are more closely aligned.

mantically matching image-report pairs closer together.

Moreover, in Figure 4b, the Bot K@1 (representing the
worst-matching pairs) decreases from 0.22 before training
to 0.05 after training. This suggests that the model also suc-
cessfully pushes apart unrelated pairs, reducing the propor-
tion of mismatched examples from 22% to just 5%.

To better understand cross-modal fusion, we conduct a ¢-
SNE visualization shown in Figure 6. Before training (Fig-
ure 6a), image embeddings form three distinct clusters by
organ category, with large distances to text embeddings, in-
dicating poor alignment. After training (Figure 6b), embed-
dings become more compact and cross-modal distances sig-
nificantly decrease. Three random image-report pairs high-
light the reduced image-to-text distances. Nevertheless, as
emphasized by “Mind The Gap” (Liang et al. 2022), a resid-
ual gap between image and text clusters remains, showing
that perfect fusion is still challenging and an open problem.

Qualitative Study. Figure 5 shows a comparison of our
ReportGenerator with Vanilla Transformer model. As there
exists more green highlighted text in our model, it indicates

that our method could generate more accurate reports than
vanilla Transformer model. More case studies are presented
in the Supplementary Material.

System Demonstration. To further showcase the func-
tionality of our ultrasound report generation system, we built
a webpage based on CURDNet that integrates report gener-
ation, similar case comparison, and archiving functions into
a single platform. More details about the system demo and
usage are available in the Supplementary Material.

6 Limitation and Discussion

Despite its promising performance in ultrasound report gen-
eration, our method has limitations. As EchoDice relies on
organ labels, its generalizability may be restricted, which we
address with an additional experiment in the Supplementary
Material. Exploring different backbone architectures could
further enhance understanding of the approach.

7 Conclusion

In this work, we propose a unified framework for ultrasound
report generation and case retrieval, inspired by the way
sonographers learn from diverse cases across different or-
gans. Our method incorporates a diversity-aware sampling
strategy to expose the model to heterogeneous cases during
training, and a lightweight image-text contrastive learning
objective to enhance the model’s ability to understand and
align similar image-text pairs. Experiments on a public ultra-
sound report dataset demonstrate that our method achieves
superior performance compared with state-of-the-art base-
lines.
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