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Abstract

Fetal ultrasound screening is a uniquely complex diagnos-
tic task involving the simultaneous assessment of multiple
fetal organs—each with its own anatomical and clinical con-
text—within a single examination. Automating report gen-
eration in this setting is particularly challenging due to the
multiple-to-multiple misaligned correspondence between
organ-specific image sets and the multi-section report, i.e.,
each report segment may relate to multiple images, but the
exact alignments are unknown. In this paper, we introduce
FetusR, the first large-scale dataset for multi-organ fetal ultra-
sound reporting, containing 15,594 real-world cases with rich
organ-wise annotations. To address the alignment challenge,
we propose Organ-Aware Routing Mixture-of-Retrieval Aug-
mented Generation (ORM-RAG) inspired by the Mixture-
of-Experts paradigm. ORM-RAG decomposes the complex
alignment problem into multiple one-to-one sub-retrieval
tasks. Specifically, ORM-RAG integrates (1) an organ-aware
mixture-of-retrieval module that partitions the retrieval space
into organ-specific corpora for independent retrieval, and (2) a
dynamic routing mechanism that selectively aggregates high-
confidence organ-specific reports while filtering uncertain
ones. Extensive experiments demonstrate that ORM-RAG sig-
nificantly outperforms state-of-the-art baselines across both
textual similarity and clinical accuracy metrics. Our work
opens a new direction for long-form, structured report genera-
tion in real-world, multi-organ medical imaging scenarios.

Introduction

Fetal ultrasound is the only safe and common imaging
method for examining unborn babies (Quinn et al. 2023).
Unlike adult or pediatric scans that focus on single organs,
fetal screening evaluates multiple key organs (Ha et al. 2021;
Khalil et al. 2024; Salomon et al. 2022)—brain, heart, face,
abdomen, limbs, and placenta—in one exam, as shown in
Fig. 1 (a). This thorough check is crucial for early detec-
tion of serious birth defects like heart malformations and
brain anomalies. Consequently, reports are long, detailed,

“These authors contributed equally.

Corresponding authors.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

8448

a

Fetal Ultrasound Report
Face &4

Description: -

]
Description: -
Di ics: -+ [Diagnostics: -
2] [

Description: - [Description: ---

Di ioce e (D

Limbs ]

Description: -

ies: oo

Description: -

Diagnostics: *** |Diagnostics: -

Figure 1: Fetal multi-organ ultrasound report generation.
(a) The fetus undergoes a single examination covering multi-
ple organs, each described in a report. (b) Each case contains
imaging data of several organs, with multiple ultrasound im-
ages per organ. Notably, each report segment may relate to
multiple images, but the alignments are unknown, posing a
multiple-to-multiple misalignment challenge.

and organ-specific. Sonographers have a heavier workload
than radiologists, needing to examine more structures and
write longer reports, all while facing a global shortage of
trained staff (Yan et al. 2025). These factors highlight the
urgent need for automating fetal ultrasound report generation.

To advance the fetal ultrasound report generation, we intro-
duce FetusR, a first large-scale ultrasound dataset comprising
15, 594 fetal screening cases with corresponding diagnostic

The appendices and supplementary materials are available at
https://github.com/Si-yu- Wang/ORM-RAG.



reports. As shown in Fig. 1 (b), each case includes ultrasound
images and corresponding diagnostic reports that cover six
key organs: the face, head, heart, abdomen, limbs, and pla-
centa. The reports provide a comprehensive foundation for
developing automated multi-organ fetal ultrasound report
generation, enabling research into long-form, multi-organ
report generation in real-world settings.

Recent advances in large multimodal models (Li et al.
2024a; Liu et al. 2023; Chen et al. 2023; Lin et al. 2023a;
Li et al. 2023b) have significantly boosted research on au-
tomated report generation. By leveraging vision-language
pretraining and instruction tuning (Liu et al. 2023), these
models show promising results in generating descriptive and
coherent reports from radiological images (Li et al. 2023a;
Wang et al. 2025; Liu et al. 2025). However, their perfor-
mance in real-world clinical settings remains limited (Zhang
et al. 2023). This is mainly due to the domain gap between
general pretraining data and specialized medical data, as well
as the difficulty of capturing fine-grained, localized abnor-
malities crucial for clinical decisions (Jeong et al. 2024).

Retrieval-Augmented Generation (RAG) (Endo et al. 2021;
Jeong et al. 2024) offers a compelling way to enhance factual
accuracy by grounding generation in retrieved, in-domain
reports. While recent studies have applied RAG to medi-
cal report generation, they mostly focus on Chest X-rays or
CTs (Jeong et al. 2024), which is a one-to-one setting, i.e., a
report only contains the information and diagnosis for a single
organ. However, automated fetal ultrasound report generation
is in a multiple-to-multiple nature, i.e., each unified report
corresponds to the information and diagnosis of multiple or-
gans, and each organ includes multiple ultrasound images.
Naively using previous RAG ways, e.g., one-to-multiple or
multiple-to-multiple retrieval strategies either suffer from
misalignment or noisy (see details in Fig. 2 (a)-(b)). This
calls for a new retrieval mechanism tailored to the structured
nature of fetal ultrasound.

Motivated by the Mixture-of-Experts (MoE)
paradigm (Masoudnia and Ebrahimpour 2014; Xue
et al. 2024), which routes inputs to specialized experts
for task-specific processing, we propose ORM-RAG
(Organ-Aware Routing Mixture-of-Retrieval Augmented
Generation), a novel RAG framework designed to decouple
the multiple-to-multiple problem into the mixture of multi-
ple one-to-one sub-retrievals, as shown in Fig. 2 (c). Our
approach introduces two core components: (a) Organ-aware
mixture-of-retrieval that decouples the retrieval space into
multiple organ-specific corpora . This enables independent
retrieval within each organ domain, effectively isolating
retrieval from cross-organ interference. (b) Dynamic
routing that assigns confidence scores to each retrieved
report and selectively routes only high-confidence ones into
the generation model . This filters out irrelevant or uncertain
information, improving the diagnostic accuracy.

Our contributions are summarized as follows:

* We introduce FetusR, the first large-scale dataset for fetal
multi-organ ultrasound report generation with 15, 594 real
clinical cases.

* We propose ORM-RAG, a novel organ-aware RAG
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framework that converts the multi-organ retrieval problem
into a mixture of structured one-to-one retrievals.

* We demonstrate that ORM-RAG achieves state-of-the-art
performance on both textual and diagnostic evaluation
metrics, with comprehensive ablation studies validating
its components.

Related Work

Automated Diagnosis of Fetal Ultrasound Diseases. Au-
tomated fetal ultrasound analysis has evolved along three
main directions: (1) Knowledge-based methods, which lever-
age semantic modeling and graph structures (Lin et al. 2023b;
Lu et al. 2024); (2) Hardware-integrated frameworks for clin-
ical deployment (Carroll et al. 2024; Day et al. 2025); and (3)
Architectural innovations, such as attention-based and state-
space models (Lu et al. 2025; Gao et al. 2025; Nurmaini et al.
2025). For example, PAICS (Lin et al. 2023b) uses super-
vised learning to improve neurosonographic diagnosis, while
SKGC (Lu et al. 2024) builds semantic knowledge graphs
with contrastive learning. Mamba U-Net (Lu et al. 2025) in-
troduces temporal modeling for fetal cardiac imaging, and
(Nurmaini et al. 2025) enhances anomaly detection via self-
attention and residual networks. Despite these advances, cur-
rent methods face three limitations: (1) Sparse cross-organ se-
mantics, with limited modeling of inter-organ dependencies;
(2) Inconsistent feature representations due to anatomical
variability across organs; (3) Weak cross-modal alignment,
as most work focuses on image-level tasks rather than end-to-
end report generation. Overall, existing approaches mainly
target single-organ segmentation or classification, lacking
integrated, multi-organ diagnostic reporting—thereby failing
to capture the full complexity of fetal assessment.

Medical Report Generation. The evolution of medical re-
port generation systems can be broadly categorized into three
methodological phases in the existing literature: (1) Conven-
tional deep learning approaches utilizing CNN/LSTM archi-
tectures (Anderson et al. 2018; Vinyals et al. 2015; Liu et al.
2019; Jing, Wang, and Xing 2020), (2) Transformer-based
methods (Chen et al. 2020; Nooralahzadeh et al. 2021; Wang
et al. 2023a; Huang, Zhang, and Zhang 2023; Alfarghaly
et al. 2021; Yan et al. 2022; Wang et al. 2022), and (3) LLM-
based frameworks (Li et al. 2025; Liu et al. 2024b, 2025;
Wang et al. 2025; Zhang et al. 2024; Liu et al. 2024a; Li et al.
2024b; Lee et al. 2024; Wang et al. 2023a; Yan et al. 2023).
While CNN/LSTM and Transformer-based approaches have
demonstrated notable success in medical report generation,
they no longer attract significant research attention. In con-
trast, LLMs have become a burgeoning research hotspot,
offering enhanced performance in producing structured and
medically precise reports. HC-LLM (Liu et al. 2025) in-
troduces a novel longitudinal report generation framework
that captures disease progression through time-shared and
time-specific feature extraction with multimodal constraints.
LLM-RG4 (Wang et al. 2025) introduces a flexible radiology
report generation framework that overcomes fixed-task limita-
tions through adaptive token fusion and instruction-following
LLMs. LLaVA-Med (Liu et al. 2024a) designs an efficient
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Figure 2: Comparison of retrieval strategies. (a) Standard one-to-multiple retrieval assigns each image to a full report,
but in fetal ultrasound, a single image typically reflects only a small part of the report, leading to information mismatch. (b)
Multiple-to-multiple retrieval aggregates the entire image set for the query, but abnormal findings are often limited to a few
images. As a result, retrieval is dominated by normal-appearing regions, leading to imprecise retrieval and misleading context
during generation. (¢) Organ-aware routing mixture-of-retrieval (multiple one-to-one) decouples the retrieval space into

organ-specific corpora and dynamically routes high-confidence organ-wise reports>= as the retrieval results. Note that for clarity,

we only show three organs in this figure.

biomedical vision-language assistant trained through GPT-4
self-instruction and curriculum learning.

Recent studies (Jeong et al. 2024; Endo et al. 2021) have
witnessed the emergence of retrieval-based report genera-
tion as a promising approach. For example, X-REM (Jeong
et al. 2024) proposes a novel retrieval-based radiology report
generation framework that leverages image-text matching
scores to significantly improve both clinical accuracy and
report relevance compared to conventional approaches. How-
ever, previous work has been limited to generating reports
for single-organ modalities (e.g., X-ray/CT) and has only
addressed single-organ alignment, making these methods
ill-suited for the complexities of multi-organ analysis.

Preliminary

Retrieval-Augmented Generation (RAG) in
Multimodal Report Generation

Multimodal large language models (MLLMs) have shown
promise in medical report generation (Wang et al. 2023b) by
processing visual inputs V' and prompts 7" to produce struc-
tured reports O = f(V, T). However, their factual accuracy
remains limited due to the absence of domain-specific knowl-
edge, making them susceptible to hallucinations—especially
problematic in clinical applications (Zhang et al. 2023).

Retrieval-Augmented Generation (RAG) (Xia et al. 2024;
Sun et al. 2024) addresses this by grounding generation on
external knowledge retrieved from a domain-relevant corpus.
A typical RAG pipeline includes: 1. Corpus Construction.
Relevant reports are sampled to construct D = {X;, Y}V,
of visual inputs and their corresponding reports to support
similarity-based retrieval. 2. Query-Based Retrieval. Given
a query image V/, a retrieval module R computes its embed-
ding ¢ = E(V') and retrieves relevant reports

Y ={Y: | t € {Top-K;(sim(g, ¢;))[i € [1
€; = E(XZ)

N,
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where sim (¢, ¢;) = (q/|q|) - (e;/|ei]) . E(-) is the vision
encoder trained in a contrastive learning manner:

_Zl

where 7 is the temperature hyperemeters. 3. Generation. The
MLLM generates output based on the original inputs and the
retrieved evidence: O = f(V,T,))).

exp (sim (e;, e;) /7)

> exp (sim (es, ;) /7)

@

Unique Challenges of Fetal Ultrasound Report
Generation

Existing RAG frameworks have proven effective in radiol-
ogy domains like chest X-ray (Sun et al. 2024), where each
image corresponds to one report—a one-to-one setting, i.e.,

= {(X;,Y:)}Y ;. However, as shown in Fig. 1, fetal ul-
trasound involves multiple images from various organ views
contributing to a unified report consisting of several descrip-
tions, constituting a multiple-to- multiple misalignment, i.e.,
{X;,Y;}, where X; = {X; ,]} 1, X; ; is the j-th image in
X;. There are two stralghtforward ways to handle this, i.e.,
one-to-multiple and multiple-to-multiple:

One-to-multiple retreieval. As shown in Fig. 2 (a),
naively pairing each ultrasound image with the full report
({(Xi,;,Yi)}). However, since each image typically maps
only to a subset of findings, this way would lead to incom-

plete and noisy alignment.

Multiple-to-multiple retreieval. As shown in Fig. 2 (b),
aggregating all images into a single embedding (e; =
ﬁi >_; E(Xi,;)) then retrieving the full report. However,
only a few images contain abnormalities, while most appear
normal. Retrieving based on the entire image set risks be-
ing dominated by visually similar normal images, causing
retrieval to prioritize irrelevant features over critical find-
ings. This degrades retrieval precision and injects misleading
context into generation.



Method

Motivated by the Mixture-of-Experts (MoE) paradigm (Ma-
soudnia and Ebrahimpour 2014; Xue et al. 2024), which
routes inputs to specialized experts for task-specific process-
ing, we propose ORM-RAG (Organ-Aware Routing Mixture-
of-Retrieval Augmented Generation), a novel RAG frame-
work designed to decouple the multiple-to-multiple problem
into the mixture of multiple one-to-one sub-retrievals, as
shown in Fig. 2 (c).

Our approach introduces two core components: (a) Organ-
aware mixture-of-retrieval that decouples the retrieval
space into multiple organ-specific corpora . This enables in-
dependent retrieval within each organ domain, effectively iso-
lating retrieval from cross-organ interference. (b) Dynamic
routing that assigns confidence scores to each retrieved re-
port and selectively routes only high-confidence ones into
the generation model . This filters out irrelevant or uncertain
information, improving the diagnostic accuracy.

Organ-Aware Mixture-of-Retrieval

In this section, we illustrate our organ-aware mixture-of-
retrieval (O-MoR) approach to address the challenges, e.g.,
information mismatch and imprecise retrieval. To achieve
this, our O-MoR comprises two tailored designs: (a) an organ
identification module to assign each image to a specific organ
label; (b) a mixture-of-retrieval module to perform retrieval
within each organ corpus individually.

Organ identification. Given a set of ultrasound images
V = {V;}M,, we first classify each image into one of C'
anatomical organs using a trained classifier ¢, i.e., ¢; = ¢(V;).
This enables routing each image to its corresponding retrieval
space D¢.

Corpus decoupling via organ-wise pairing. Similar to
Vi, we also obtain the organ predictions for X; € X, i.e.,
@¢(X;). Then, we group the original image-report pair (X', Y")
into C' sub-pairs: {(X°,Y°)}< |, where X° contains im-
ages of organ ¢, and Y ¢ comprises report sentences related
to c. This produces one-to-one pairs, avoiding information
mismatch. Based on this, we can construct organ-specific
corpora: D¢ = {(X¢,Y;)}¥|, where N¢ is the total number
of paired image-reports in D°.

Retrieval optimization with abnorm-aware contrastive
learning. In fetal ultrasound, the difference between nor-
mal and abnormal images can be visually subtle, and the
standard contrastive learning in Eq.2 is hard to distinguish
the normal and abnormal images accurately. To address this,
we enhance the standard contrastive learning with abnormal-
aware supervised learning. Specifically, given the embedding
o ijvgl E(X;), we have:

from the ¢, i.e., €

N¢

C
Lab—sup = Z Z dlz: log h(evc)a

i=1 c=1

3

where ¢ means the i-th image, h(-) is the classification head
to predict ef, d; € {0, 1} is the label to indicate where the
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existing organ is normal O or abnormal (1). Finally, the opti-
mization objective is defined as follows:

L=Ax Eorgan»con + (1 - )\) * Eab»sup' @

Then, for images {V;°}}£] that are classified to the organ c,
the retrieval process can be formulated as O¢ = R°(¢¢, D°),

M® c
e i E(VE)-

Dynamic Routing via Rank-Aware Consistency
Estimation

In fetal report generation, directly feeding all retrieved ex-
amples into the LLM often introduces redundancy, noise,
or even incorrect information, as evidenced in Table 5. To
mitigate this, we propose a dynamic routing mechanism that
filters retrieved results using a novel rank-aware consistency
estimation module. This mechanism selectively routes only
high-confidence retrievals into the LLM for report generation.

The key idea of the rank-aware consistency estimation is
that if the top- K retrieved reports exhibit highly consistent
diagnoses for the top-1 report O¢, the confidence of O° is
higher. Our approach combines two aspects of consistency:
global agreement and label trend continuity.

where ¢°¢

Global Agreement. This metric captures whether the di-

agnostic labels {d; }X | converge around the top-1 label d;.

For each i = 2, ..., K, we define a binary match indicator:
m; =1(d; = dv), (%)

and assign exponentially decaying weights to prioritize the
top-ranked retrievals, presumed to be the most relevant:

exp(—f)

ey (6)
K ;
Zj:l eXp(_/Bj)
We compute a smoothed, weighted match probability:
K
j—o Mg+ Wy +
Pmatch = Z‘_Q 2 @)

Zfiz w; + 2y
where v is a Laplace smoothing constant that prevents over-
confidence under sparse agreement. This ensures that pmaech
never equals exactly O or 1, maintaining numerical stability
for the subsequent logarithm in Eq. 8. We then quantify the
uncertainty of label agreement using binary entropy:

OGlobal = —Pmatch 108 Pmaich — (1 - pmatch) IOg(l - pmatch)-
(®)
Lower entropy indicates stronger agreement and greater con-
fidence in the top-1 result.

Label Trend Continuity. While global agreement cap-
tures overall support for dy, it ignores sequential smooth-
ness among the retrieved labels. To address this, we define a
second metric that reflects how stably the diagnostic labels
evolve across retrieval ranks. For 1 = 2, ..., K, we define a
transition indicator:

ti =1(d; = di—1), ©)

and compute a trend continuity score that also considers
agreement with d;:

K
Zi:2 ti

w; - My

10
Zfiz Wi o

¢ —
QTrend =



Textual Similarity Diagnostic Accuracy
Method B-1 B2 B3 B4 M RL CID| CA PA FA LA HA AA NM Avg
Without Retrieval-Augmented Generation
LLaVA-1.5 (Liu et al. 2023) 0.67 065 063 061 037 071 29| 00 355 00 00 00 00 694 376
LLaVA-Med (Li et al. 2023a) 0.71 0.69 0.67 065 039 075 335| 26 404 00 00 00 00 722 39.7
R2GenGPT (Wang et al. 2023b) | 0.80 0.75 0.72 070 - 0.74 355|254 417 00 00 00 00 66.7 389
MicarVLMOoE (Izhar et al. 2025) | 0.56 0.53 0.52 0.50 040 0.69 206|859 213 00 00 19 0.0 182 292
With Retrieval-Augmented Generation
CXR-RePaiR (Endo et al. 2021) | 044 0.33 0.26 022 0.19 030 0.00 | 846 47 7.6 09 1.0 00 00 82
X-REM (Jeong et al. 2024) 033 031 030 029 025 056 184 | 05 112 00 7.6 1.0 0.0 957 495
BiomedCLIP (Zhang et al. 2023) | 0.85 0.82 0.80 0.78 047 084 494|359 692 00 00 0.0 0.0 995 585
Ours 086 083 081 0.79 047 085 499|555 479 319 349 250 64 97.0 653

Table 1: Comparison with state-of-the-art report generation methods on both textual similarity and diagnostic accuracy.
All models are fine-tuned on our proposed FetusR, ensuring a fair comparison under identical training settings. Left:
BLEU (B-*), METEOR (M), ROUGE-L (R-L), CIDEr (CID). Right: CA (Cardiac), PA (Placental), FA (Facial), LA (Limb),
HA (Head), AA (Abdominal) abnormalities, and NM (Normal). The best and second-best results are highlighted in bold and
underline, respectively. Our method consistently outperforms prior approaches across both textual and clinical metrics

under the same setting.

This score measures the temporal smoothness of the label
sequence. Unlike global agreement, it does not model un-
certainty, so no entropy or smoothing is applied. Instead, it
directly rewards label transitions that are both consistent and
aligned with the top-1 label.

Final Confidence Score. We combine the two metrics into
a final confidence score using a sigmoid transformation:
af = ! an
1+ exXp (U ’ (a(c_“;lobal -0 OZ%‘rend)) ’

where o controls the steepness of the curve, and 0 balances
the impact of trend continuity. High confidence emerges
when the global entropy is low and the label trend is stable. In
addition, this formulation allows trend instability to actively
reduce the confidence derived from global agreement. '

For all organ-wise retrieval candidate reports {O°}Y",,
we compute a confidence score a for each using our rank-
aware consistency estimation. We then select a subset of high-
confidence retrievals to be fed into the LLM. Specifically, the
final routed set Ofpny is defined as:

Oﬁnalz{06|ac>7-aC:L'--aNC}a (12)

where 7 is a predefined confidence threshold. Only the ele-
ments in Oy, are used as retrieval-augmented inputs to the
LLM. When all retrieved examples yield confidence scores
below the threshold 7,i.e., Ofna = 0, we discard the entire re-
trieval set to avoid introducing errors or hallucinated content
and prepend a warning prompt to indicate that no reliable
retrievals were available.

Experiment
Data Description

To fulfill the stipulated criteria for the automated generation
of fetal multi-organ ultrasound reports, we collect a compre-
hensive dataset called FetusR from the Shenzhen Maternity
and Child Healthcare Hospital. FetusR contains 15,594 con-
firmed prenatal cases, totaling 172,851 images, obtained from
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our partner hospital between January 2014 and March 2024.
This study has been approved by the local hospital ethics com-
mittee (approval number: LLYJ2024-202-089). For details of
FetusR dataset, see Appendix B.

Implementation Details

To get organ-specific sentences, we use a rule-based method
to extract keywords and LLMs to refine the results. For our
visual retriever, we use ViT-Base as the backbone pre-trained
on ImageNet-21K. During training, with only its final two
Transformer blocks being fine-tuned. We use the Adam op-
timizer with a learning rate of 1 x 10~2, a batch size of 8,
and train for 30 epochs. We index images in FAISS, a sta-
tistical bank for similarity searching, using 768-dimensional
features obtained by mean-pooling patch tokens from the last
ViT layer. Dynamic Routing is then applied to retain only
confident, informative samples from the retrieved set. For
the multimodal foundation model, we use InternVL as the
backbone. All experiments were implemented using PyTorch
and conducted on 4 NVIDIA A100 GPUs. More training
details can be reviewed in Appendix D.

Comparison with state-of-the-art methods

To thoroughly evaluate the effectiveness of our proposed
method, Table 1 shows the performance comparison with
several state-of-the-art medical report generation approaches,
including both RAG-based (CXR-RePaiR (Endo et al. 2021),
X-REM (Jeong et al. 2024), and BiomedCLIP (Zhang et al.
2023)) and without RAG (LLaVA(Liu et al. 2023), LLaVA-
Med (Li et al. 2023a), R2GenGPT(Wang et al. 2023b), and
MicarVLMOoE (Izhar et al. 2025)). Note that all models here
are fine-tuned on our proposed FetusR, ensuring a fair
comparison under identical training settings. Our evalua-
tion considers two primary dimensions: Textual Similarity
and Diagnostic Accuracy.

Textual similarity. This dimension measures how closely
the generated text matches the reference reports. Table 1
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Figure 3: Visualization comparison between different methods. For clarity, here we only show a single ultrasound image for

each organ and select three organs.

shows that our method achieves the best performance across
all metrics. This high consistency with gold-standard reports
shows the proposed approach can effectively generate accu-
rate report descriptions, reduce physicians’ workload, and
holds strong potential for clinical application.

Diagnostic accuracy. Considering the high textual simi-
larity does not necessarily guarantee clinical correctness or
accurate diagnosis, we also introduce diagnostic accuracy,
which assesses the model’s ability to detect and classify med-
ical abnormalities across multiple clinical categories.

Table 1 shows that SOTA models achieve strong textual
similarity but suffer from poor diagnostic accuracy. This stem
from (1) high visual similarity across multiple ultrasound
images, making it hard to distinguish normal from abnormal,
and (2) data imbalance, especially the scarcity of FA, LA,
and AA abnormal samples, yielding near-zero accuracy for
these categories. Our method overcomes these challenges
by decoupling images by organs and applying organ-wise
retrieval, boosting accuracy across all abnormality types.

Qualitative analysis. Fig. 3 compares report generations
across multiple organs by different models. Our method pro-
duces coherent, organ-specific descriptions that align well
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with the ground truth (GT), demonstrating strong consistency
and diagnostic accuracy. In contrast, BiomedCLIP (Zhang
et al. 2023) shows limitations in capturing key abnormali-
ties, often misdescribing malformations or omitting relevant
details. These comparisons highlight our model’s superior ca-
pability in handling multi-organ, long-form report generation.
Additional visualizations are provided in Appendix A.

Ablation Study

We analyze the effect of different modules of our method.
Here, we use InternVL2-1B (Chen et al. 2023) as our baseline
model. In this section, we evaluate the performance from
three aspects: retrieval accuracy-rank 1 (R@1) and rank 5
(R@5), textual similarity-BLEU-4 (B-4) and CIDEr (CID)
and diagnostic accuracy-Abnormal accuracy (AB), normal
accuracy (NM) and average accuracy (AVG).

Effect of each proposed module. Our method consists of
two parts: mixture-of-retrieval (MoR) and dynamic routing
(DR). Table 2 shows that MoR significantly boosts both
textual similarity and diagnostic accuracy, demonstrating the
effectiveness of organ-wise retrieval. Furthermore, using
DR to remove noisy or irrelevant reports can improve the



Textual Similarity Diagnostic Accuracy
Method B-1 B-2 B-3 B-4 M RL CID | CA PA FA LA HA AA NM Avg
Baseline 0.794 0.762 0.739 0.721 0.454 0.793 2.293 | 483 73.0 0.00 470 190 0.00 46.5 339
w/ MoR 0.857 0.826 0.805 0.789 0.467 0.848 4.928 | 50.3 404 229 274 202 85 958 620
w/MoR +DR | 0.859 0.829 0.808 0.793 0.470 0.853 4.992 | 555 479 319 349 250 64 970 653

Table 2: Ablation study of our method on both textual similarity and diagnostic accuracy. Mor: Mixture-of-Retrieval (see in
Section ). DR: Dynamic Routing (see in Section ). ‘w/’ means using specific modules. The best values are marked in Bold.

Retrieval Textual Diagnostic Retrieval Textual Diagnostic
Method Reli Re5 | B4 CID AB NM AVG Method R@l R@5| B4 CID | AB NM AVG
Baseline Not  applicable | 0.721 2.293 | 21.3 46.5 339
02M 0.569 0.883 0741 3.848 | 21.8 828 523 w/o DR 0.737 0.928|0.789 4.928|28.3 95.8 62.0
M2M 0545 0857 | 0707 3.560 | 20.9 667 43.8 A 1obal 0.751 0.918|0.791 4.968|31.3 96.5 63.9
M-020 (Ours) | 0.764 0.917 0.793 4.992 | 33.6 97.0 65.3 Otobat +F%ena | 0.764 0.917 [0.793 4.992|33.6 97.0 65.3

Table 3: MoR ablation experiments. ‘O2M’, ‘M2M’ and
‘M-020’ indicate the one-to-multiple, multiple-to-multiple
and our multiple one-to-one setups, respectively.

Table 5: Dynamic routing ablation experiments. ‘w/o DR’
means no dynamic routing. Combining global agreement
0&opar a0d label trend continuity of,.,4 obtains the best.

Retrieval Textual Diagnostic
Method | R@1 R@5 | B4 CID | AB NM AVG
w/o 0.737 0928 | 0.789 4928 | 283 958 62.0
w/ 0.764 0917 | 0.793 4.992 | 33.6 97.0 653

Fetal heart: The apex of thev i

Fetal head: The skull presen

Table 4: The effect of abnorm-aware supervision. ‘w/o’
and ‘w/’ mean without and with abnorm-aware supervision
(Eq. 3) in the retriever optimization.

average diagnostic accuracy by 3.3%.

Ablation of Mixture-of-Retrieval Our MoR framework
incorporates two designs tailored for fetal ultrasound. First,
it decouples the many-to-many retrieval task into multiple
organ-wise one-to-one retrievals. Second, it introduces an
additional abnormality-aware supervision signal (Eq. 3) to
enhance the training quality of the retriever. We conduct
experiments to validate the effectiveness of these designs.

Effect of multiple one-to-one retrieval. Table 3 illus-
trates the comparison of different RAG methods shown
in Fig. 2, i.e., one-to-multiple (O2M), multiple-to-multiple
(M2M) and our multiple one-to-one (M-O20) respectively.
Results show our M-O20 way achieves the best performance
compared with other retrieval methods in all three metrics.

Effect of abnorm-aware supervision Lap-sup. In Section ,
we introduce the abnorm-aware supervised learning to en-
hance the learned retriever R to distinguish the abnorm and
normal images. Table 4 shows that using Lap-sup can improve
the diagnostic accuracies across various organs.

Ablation of dynamic routing. We evaluated the confidence
of retrieved reports from two aspects, i.e., global agreement
and label trend Continuity; see details in Section . Results
from Table 5 show that global agreement improves diagnostic
accuracy by avoiding errors or noisy retrieved reports in the
final generation. Adding label trend continuity can further
enhance the robustness of dynamic routing.
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Cardiac abnormalities.

g heart ......The right ventricle is (B an cllipticalhyper. ...a size of
significantly smaller.. ventricle,|} B 2.4 x 0.8cm on theriaht ...
: | I nabnormality in the skull.

a°=0.994 " 2®=0.0003
Figure 4: Visualization of the relation of retrieved reports
and confidence scores. The retrieved report with a higher
score (a®) is more relevant to the input image’s original
report, and vice versa.

High quality Low quality

To further validate the relation of confidence score a“ and
its retrieved report, we show two visualization examples in
Fig. 4 (more detailed examples in Appendix C). The results
show that high-quality retrieved reports typically have high
confidence scores. In contrast, low-confidence reports include
descriptions and diagnoses misaligned with the information
in the input image (marked in red), indicating poor quality.
This demonstrates the effectiveness of our dynamic routing.

Conclusion

This work pioneers automated fetal ultrasound report gener-
ation for multi-organ and multi-view analysis, addressing a
critical gap in medical imaging where prior research focused
solely on single-organ modalities like X-rays and CT scans.
We introduce FetusR, a large-scale dataset spanning six fe-
tal organ abnormalities, and propose ORM-RAG, a novel
retrieval-augmented framework that tackles the challenge
of aligning multiple-to-multiple image-text by decoupling
retrieval into organ-specific tasks and dynamically routing
high-confidence reports. integrating with a Multimodal Large
Language Model (MLLM), our method generates detailed
organ-wise reports and achieves state-of-the-art performance,
outperforming existing MLLM-based methods. This advance
enables scalable, structured reporting for complex prenatal
ultrasound studies, with significant clinical deployment.
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