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A visually grounded language model for fetal 
ultrasound understanding
 

Xiaoqing Guo    1,2  , Mohammad Alsharid1,3, He Zhao1,4, Yipei Wang1,5, 
Jayne Lander    6, Aris T. Papageorghiou    6 & J. Alison Noble    1

Freehand fetal ultrasound examinations require substantial clinical skill. 
Here we propose Sonomate (mate of a sonographer), an AI assistant to a 
user during fetal ultrasound examinations. Sonomate is based on aligning 
video features and text features derived from transcribed audio to facilitate 
real-time interactions between an ultrasound machine and a user. Our 
approach combines coarse-grained video–text alignment with fine-grained 
image–sentence alignment to build a robust visually grounded language 
model capable of understanding fetal ultrasound videos. To tackle the 
challenges associated with heterogeneous language and asynchronous 
content in real-world video–audio pairs, we design the anatomy-aware 
alignment and context label correction in the fine-grained alignment. 
Sonomate is effective at anatomy detection in fetal ultrasound images 
without the need for retraining on manually annotated data. Furthermore, 
Sonomate shows promising performance in visual question answering for 
both fetal ultrasound images and videos. Guardrails are built to ensure the 
safety of Sonomate during deployment. This advancement paves the way 
towards AI-assistive technology being used to support sonography training 
and enhanced diagnostic capabilities.

Ultrasound imaging is an important medical diagnostic technique used 
clinically to visualize, for instance, various tissues within the human 
body, blood vessels, suspicious lesions and the fetus1–3. Ultrasound is 
well suited as an imaging-based fetal screening and examination tech-
nique owing to some attractive characteristics relative to X-ray and mag-
netic resonance imaging: non-radiation, non-invasiveness, portability 
and relatively low cost3–5. Despite its merits, freehand ultrasound exami-
nations, while widely practiced, demand a high degree of skill to yield 
high-quality diagnostic images6–10. It can take several years for a newly 
qualified sonographer to develop into a highly skilled sonographer. In 
particular, the difference between a newly qualified sonographer and 
an experienced professional lies not only in becoming proficient in 
interpretation but also in mastering the complex scanning skills11,12. This 
expertise barrier is a key contributing factor to a worldwide shortage 

of highly skilled sonographers. In this paper, we consider how artifi-
cial intelligence (AI) can potentially be used to address this workforce 
shortage. Specifically, we describe an ‘intelligent’ ultrasound assistant 
capable of understanding and interpreting ultrasound data. This AI 
ultrasound assistant facilitates real-time interaction and communica-
tion between an ultrasound device and the user through text, to provide 
digital peer support and to enhance proficiency.

To achieve the understanding and interaction required for 
our intelligent ultrasound assistant, we leverage vision-language 
pre-training (VLP). VLP is crucial for learning multimodal represen-
tations from large-scale image–text pairs, enabling the interpreta-
tion of visual data through textual descriptions13. VLP-based learned 
representations have been proven to improve the performance of 
downstream tasks such as image classification14, image retrieval14,15 and 
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the need for extensive fine-tuning. However, CLIP is unsuitable for 
biomedical applications because biomedical images and their asso-
ciated specialized vocabulary differ from standard web content on 
which CLIP is built23. In particular, the same word can have a different 

visual question answering (VQA)13,15–17. Many existing VLP works18–21 align 
vision and language feature spaces using contrastive language-image 
pre-training (CLIP)22 (Figs. 2a and 4a), which is a popular model owing 
to its good scalability and generalizability to unseen tasks without 
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Fig. 1 | Overview of the dataset. a, Collection and preprocessing of ultrasound 
video–audio pairs. b, The total number of collected visual and textual modality 
data. c, Distribution of trimester scans. d, Distribution of the video duration.  

e, Distribution of the number of words per sentence. f, Word cloud of our dataset.  
g, The split of training, validation and test data according to the collected time.  
h, An example of visual–textual misalignment in a clinical ultrasound video.
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meaning depending on the context. For example, the visual appear-
ance of a ‘head’ in natural images differs from that of a ‘head’ in a fetal 
ultrasound image. As a result, we find that CLIP shows unsatisfactory 
performance in the fetal ultrasound anatomy detection task which we 
describe in more detail later (Fig. 5).

To address this domain difference, several vision-language mod-
els specifically trained on biomedical data, such as image–caption, 
image–report and image–tweet pairs, have recently been proposed23–33. 
For example, BiomedCLIP23 is developed on a very large collection of 
image–caption pairs from articles in the PubMed Library, and focuses 
on learning joint representations of these cross-modality data using 
contrastive learning, enabling cross-modal retrieval and classification 
but lacking generative or conversational capabilities. Models such 
as Med-Flamingo33 and LLaVA-Med30 extend large vision-language 
models to biomedical applications through multimodal instruction 
tuning. Med-Flamingo emphasizes few-shot and in-context learning, 
while LLaVA-Med adopts a self-instruct fine-tuning approach, aligning 
image–caption data before learning open-ended, instruction-following 
behaviours. Despite their strengths, these models primarily focus on 
explaining image content, whereas practical applications in ultra-
sound analysis demand robust video comprehension. Moreover, the 
wording used in image captions differs from the spoken language of 
sonographers. Therefore, for an ultrasound AI assistant to be effec-
tive, it must be tailored to the perspective of ultrasound scanning and 
sonographers. This should not only encompass video-based analysis 
but also incorporate the specific communication style and domain 
knowledge inherent to the field of ultrasound imaging or sonography.

In light of these challenges, this study develops a visually grounded 
language model called Sonomate, a ‘mate’ for sonographers, that is 
purpose-built for fetal ultrasound video understanding. Our approach 

is built using a large multimodal dataset comprising 525 ultrasound 
video–audio pairs (Fig. 1a–g), recorded during real-world fetal ultra-
sound scanning procedures. The audio was then transcribed into 
text. We will subsequently use the term ‘video–text’ to refer to the 
pair of video and transcribed audio and use ‘text’ when referring to 
the transcribed audio. To effectively align the video and text feature 
spaces, similar to existing CLIP-based research22,23, we first implement 
a coarse-grained video–text alignment by ‘pulling together’ the paired 
video and text features while ‘pushing away’ the unpaired ones (Fig. 2b). 
Considering within a single video, the sonographer often conducts 
various anatomy checks or performs manual biometry (fetal measure-
ment), we then propose a fine-grained image–sentence alignment to 
build the visually grounded language model (Fig. 2c).

In fine-grained alignment, we face two main challenges (Fig. 1h). 
(i) Heterogeneous language appearing in sentences (visually related/
unrelated sentences): sonographers may make statements unrelated 
to the visual signal, for example, communicating with the patient, 
and may also have different style of speech and choice of words. (ii) 
Temporal asynchrony between video and audio content34–37: sonogra-
phers may explain their action before performing it, leading to a time 
difference between the textual and visual entities. To address the for-
mer, we propose anatomy-aware alignment, where a fetal ultrasound 
vocabulary set (Extended Data Table 1) is first defined that includes 
many visually related words. Each sentence is then reorganized using 
a simple template with the extracted words, which are aligned with the 
corresponding frame features. To deal with temporal asynchrony, we 
propose context label correction, which considers context images 
when aligning with the corresponding sentence. In addition, we design 
an adaptive label correction algorithm that gradually rectifies the 
alignment labels during training, based on the observation that deep 
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Fig. 2 | Overview of the study. a, Illustration of CLIP22. b, The coarse-grained 
video–text alignment method ‘pulls together’ the paired video and text (that is, 
transcribed audio) features while ‘pushing away’ the unpaired ones. c, The 

fine-grained frame-sentence alignment method optimizes the textual–visual 
similarity matrix p(p′) to maximize the similarity score between the sentence and 
its corresponding visual frames.
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models initially learn correct semantic information but gradually 
memorize label noise owing to their strong memorization ability38–40. 
By jointly applying coarse-grained and fine-grained alignments, the 
visual and textual feature spaces are adaptively aligned, ensuring the 
effective development of a visually grounded language model.

We perform a comprehensive evaluation of our visually grounded 
language model, Sonomate, to assess its multimodal alignment capa-
bilities through cross-modal feature visualization (Fig. 3). Sonomate, 
tailored for ultrasound video understanding, is suitable for a diverse 
range of downstream tasks. Specifically, we evaluate the performance 
of Sonomate for anatomy detection (Figs. 4 and 5) and VQA tasks 
(Fig. 6), both at the image and video levels. For VQA, we further build 
guardrails to ensure the safety of the Sonomate model during deploy-
ment (Fig. 7). We also show that Sonomate maintains real-time perfor-
mance even with high-density data, making it practical for real-world 

use on both high-end and resource-limited hardware (Table 1). Notably, 
our approach distinguishes itself from previous work by being the first 
to implement video–text alignment in the context of medical imaging 
language models. In addition, Sonomate is the first reported language 
AI foundation model for context-aware fetal ultrasound video under-
standing. Beyond these advancements, Sonomate has the functionality 
that enables real-time interactions between the ultrasound machine 
and the user, assisting human-led fetal ultrasound examinations, par-
ticularly benefiting trainee and newly qualified sonographers.

Results
Dataset and challenges
We used a collection of 525 unique video and audio pairs (Fig. 1b) from 
the PULSE study41 that recorded full-length fetal ultrasound scans per-
formed by 7 sonographers (6 females and 1 male) from 21 January 2019 
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to 09 February 2023 (Fig. 1a). For 4 of these sonographers, we have 
recorded their years of previous experience in sonography before 
participating in the PULSE study: 0, 1, 2 and 14 years, respectively. 
For the remaining three sonographers, experience information was 
not available. On the basis of the recorded previous experience and 
their duration of involvement in the PULSE study, we estimated the 
level of experience at the time that each scan was performed. Using 
this information, we identified 367 scans conducted by experienced 
sonographers (with more than 2 years of experience) and 68 scans by a 
newly qualified sonographer (with 2 years of experience or less). Data 
collection took place in a tertiary hospital clinic during routine obstetric 
ultrasound scans for women undergoing first trimester (167 scans), 
second trimester (194 scans) and third trimester (164 scans) examina-
tions (Fig. 1c). The duration of the ultrasound scans averages 17.26 min 
(Fig. 1d). Audio recordings of the sonographers were transcribed into 
text using WhisperX42, resulting in 79,885 sentences, each associated 
with its start and end timestamps, and an average length of 9.24 words 
(Fig. 1e). As expected, the word distribution, including many anatomy 
words, is quite distinct compared with general domains (Fig. 1f). The 
525 unique video–audio pairs were divided into 456 for training, 14 for 
validation and 55 for testing, respectively (Fig. 1g). The detailed dataset 
collection and preprocessing procedure are elaborated further in the 
‘Description of dataset’ section.

Ultrasound videos present fundamental challenges in the 
cross-modality alignment, as illustrated in Fig. 1h. (i) Heterogeneous 
language: one significant challenge arises from the heterogeneous 
language used during ultrasound procedures. Sonographers often 
make statements that are unrelated to the visual signal. In our dataset, 
only about one-third of the sentences are visually related (indicated by 
blue arrows), while the remaining sentences are unrelated (indicated 
by orange arrows). This diversity stems from the natural context of 
ultrasound scanning, where sonographers will engage in unrelated 

conversations, such as communication with the patient as illustrated 
in Fig. 1h. Furthermore, our dataset comprises contributions from 
seven participating sonographers, including newly qualified and expe-
rienced sonographers, each with a unique style of speech and choice of 
words. It is imperative to suppress irrelevant speech content from the 
training dataset to enhance the effectiveness of the language model.  
(ii) Asynchronous content: another challenge arises from the temporal 
asynchrony between the video and audio content. Sonographers may 
explain their actions before actually performing them, resulting in a 
temporal misalignment between textual description and visual entities 
(indicated by yellow arrows). To overcome this, temporal alignment is 
needed to synchronize the textual descriptions with the correspond-
ing visual signals.

Overview of Sonomate
Existing medical multimodal models have been trained on image–cap-
tion pairs from biomedical research articles23–25,30,33, image–text pairs 
from Twitter26 or image–report pairs27,28. In fact, the English expressions 
between written language (for example, image captions, tweets and 
medical reports) and sonographer speech differ significantly. Fur-
thermore, to the best of our knowledge, there is no language model 
specifically for comprehending ultrasound videos. In light of these 
disparities and the absence of dedicated ultrasound language models, 
this study aims to develop an assistant for a sonographer. We accom-
plish this by training a visually grounded language model capable of 
understanding ultrasound videos from the perspective of a sonog-
rapher. By aligning the visual and textual feature spaces, the model 
enables effective communication and interpretation in the context 
of ultrasound examination procedures.

To achieve this goal, a simple coarse-grained way is to follow the 
pipeline of a CLIP model22 (Fig. 2a), which is consistent with the methodol-
ogy used in recent existing models23–28. In our problem, we ‘pull together’ 

a b

An ultrasound scan of {object}.

Head
circumference

plane

Abdominal
circumference

plane

Suboccipitobregmatic

This is an ultrasound scan of
head circumference plane.

cisterna magna

An ultrasound scan of {object}.

This is an ultrasound scan
of suboccipitobregmatic.

Choroid 
plexus

Ventricle

Cavum 
septi

pellucidi

Mid-line

Anterior 
horn

Transcerebellar

Cerebellum

Vermis

Thalamus
Umbilical 

vein
Diaphragm

Transverse rib 

Transverse 
spine 

Aorta

Anatomy
knowledge
graph

Generation of 

Mean

Mean

Method 1:

Method 2:

Method 3:

This is an ultrasound scan of head circumference
plane, containing choroid plexus, cavum septi
pellucidi, anterior horn, ventricle, mid-line.

Choroid plexus
Cavum septi pellucidi
Anterior horn
Ventricle
Mid-line

Choroid plexus
Cavum septi pellucidi
Anterior horn
Ventricle
Mid-line

c d First trimester
image classification

Second trimester
image classification

Open-source dataset
image classification

ABD,
6,992

CRL,
5,864

Head, 
6,012

PLA, 
2,548

3D,
4,207

Maternal 
cervix, 645

Fetal 
abdomen, 

358

Fetal 
brain,
1,472Fetal 

femur, 
524

Fetal 
thorax, 

660

Other, 
1,612

ACP, 
480 FLP, 

448
Kidney, 

407

HCP, 
441Spine, 

993Nose lips, 
519

SOB, 395

Cardiac,
1,542

… …

… …

… …

… …

… …

=

g(•)

g(•)

f(•) g(•)

f(•)

g(•)

•

g(•)
•

I1

I1

I1

S1

S1

I1

S1

S1 S2 Sn

S1 S2 Sn

I1 
• S1

I1 
• S1

I1 
• SnI1 

• SnI1 
• S1 I1 

• S2

Fig. 4 | Anatomy detection pipeline and datasets. a, Inference procedure 
of CLIP22. b, Our knowledge-enhanced anatomy detection pipeline. c, Three 
solutions to gather information in the anatomy knowledge graph. d, Statistics 
and experimental results of validation datasets for anatomy detection. ABD, 

abdomen; PLA, placenta; CRL, crown–rump length plane; ACP, abdominal 
circumference plane; FLP, femur length plane; HCP, head circumference plane; 
SOB, suboccipitobregmatic plane.

http://www.nature.com/natbiomedeng


Nature Biomedical Engineering

Article https://doi.org/10.1038/s41551-025-01578-3

paired video and text features and ‘push away’ unpaired ones (Fig. 2b) in 
the coarse-grained alignment. A single ultrasound video may encompass 
various activities, such as anatomy checks and biometry, conducted by 
the sonographer. Therefore, we need to establish a more fine-grained 
alignment between features of frames and sentences (Fig. 2c). The 
fine-grained alignment involves pulling the sentence feature towards the 
corresponding frame features occurring between the start and end times-
tamps of the sentence, enabling feature space alignment between visual 
and textual entities. Since timestamps of sentences are generated accord-
ing to the audio, a temporal asynchrony challenge between video and 
audio content exists owing to a time difference between the textual and 
visual entities, as mentioned previously in the dataset challenges. There-
fore, we further propose anatomy-aware alignment (that is, y → yclc) and 
alignment label correction (that is, yclc → yalc or y′alc) strategies to facili-
tate the cross-modality alignment (Fig. 2c).

Sonomate improves text representations to understand 
ultrasound video
Jointly aligning visual and textual feature spaces at both coarse-grained 
video–text level and fine-grained frame-sentence level, the optimized 
text encoder g(⋅) generates text features with a distribution that closely 
resembles ultrasound imaging data, thus enabling the understanding 
of ultrasound videos. In this section, we assess the effectiveness of our 
approach in achieving multimodal alignment, and we present our find-
ings through image and text feature visualization, as depicted in Fig. 3.

First, we show the comparison between visual image embeddings 
and textual word/phrase embeddings in Fig. 3a–d. Taking Fig. 3d for 
example, we observe that eight vertices represent image embeddings 
from eight classes, and each internal point indicates the assignment 
probability of corresponding text feature embedding with respect 
to eight image embeddings. In other words, each internal point is 
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Fig. 5 | Anatomy detection performance. a, Performance of anatomy 
classification on first trimester data, second trimester data and open-source 
maternal-fetal US dataset. b, Comparison among three solutions to gather 
information in the anatomy knowledge graph. c, Confusion matrices. The colour 

bars correspond to the values in the confusion matrix. d, Comparison between 
our performance with existing fully supervised baselines. e, Comparison with 
human performance. f, Ablation study. The best results are highlighted in bold 
red font. Prec., precision; F1, F1 score; LC, label correction.
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determined by a convex combination of eight image feature vertices, 
and the combination coefficient is exactly the assignment probabil-
ity. The colour coding in the figure represents different anatomical 
categories. Notably, when comparing our approach to the baseline 
model BiomedCLIP23, an evident disparity between image and text 
features can be observed, as illustrated in Fig. 3a,c. By contrast, our 
model shows well-aligned cross-modal features, as shown in Fig. 3b,d. 
This visual evidence demonstrates the effectiveness of our method 
in bridging the gap between image and text features, facilitating the 
understanding of the ultrasound data. In addition, our approach also 
performs better in producing discriminative text features for different 
anatomical categories. We observe that features of different anatomy 
categories exhibit distinct distributions, confirming that our optimized 
text encoder successfully generates text representations that capture 
the nuances of various anatomical structures.

Next, we show three qualitative examples of temporal align-
ment, that is, the similarity matrix p of the fine-grained frame- 
sentence alignment, in Fig. 3e. The alignment label is derived from 
the start and end timestamps of each sentence. Compared with 
BiomedCLIP, our Sonomate model demonstrates cleaner temporal 
alignment that more closely matches the alignment label. We want to 
highlight two key observations from our results. (1) Our model effec-
tively handles heterogeneous content, preventing the alignment 
of visual features with visually unrelated sentences, such as ‘Sorry 
about that.’ and ‘That’s fine with me.’ (2) Our model corrects asyn-
chronous content issues. For example, in the sentence ‘Looking at the 
femur next’, the sonographer indicates their next action. We observe 
that the similarity score increases after the sentence end times-
tamp, which likely corresponds to the moment that the sonographer  
identifies the femur.

The image encoder f(⋅) and the optimized text encoder g(⋅) could 
be deployed in a broad spectrum of ultrasound applications. In subse-
quent subsections, we will demonstrate how Sonomate can be utilized 
to perform three downstream tasks: knowledge-enhanced anatomy 
detection (‘Sonomate can classify fetal ultrasound images without 
fine-tuning on labelled data’ section), and image- and video-level 
question answering (‘Sonomate facilitates interaction between the 
ultrasound machine and the user’ section).

Sonomate can classify fetal ultrasound images without 
fine-tuning on labelled data
We conducted a systematic evaluation of Sonomate for fetal anatomy 
detection. In this downstream task, Sonomate identifies fetal anatomy 
from ultrasound images without the requirement for retraining on 
labelled data (Fig. 4). The evaluation was performed on two internal 
datasets and one external dataset (Fig. 4d): (1) the first trimester fetal 
ultrasound dataset with five image classes; (2) the second trimester fetal 
ultrasound dataset with eight anatomical classes; (3) the open-source 
maternal-fetal US dataset43 with six classes. Different from commonly 
used CLIP-based inference methods22,23,25 converting labels to textual 
embeddings of sentences, for instance, ‘head circumference plane’ to 
‘an ultrasound scan of head circumference plane’ (Fig. 4a), we propose 
a knowledge-enhanced anatomy detection pipeline (Fig. 4b), where 
three distinct methods (Fig. 4c) are designed to incorporate an anatomy 
knowledge graph (Extended Data Table 2) into the process of generating 
class textual embeddings. Using the recall, precision and F1-scores met-
rics, our method shows superior performance compared with the base-
line models, including CLIP22, PubMedCLIP25 and BiomedCLIP23, across 
all the datasets. As summarized in Fig. 5a, Sonomate achieves 77.2% 
recall for the second trimester image classification task, substantially 
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outperforming CLIP (13.3%), PubMedCLIP (21.0%) and BiomedCLIP 
(33.2%), respectively. It is worth noting that our model demonstrates 
comparable performance on the external dataset43 acquired using dif-
ferent ultrasound machines, by different operators and in a different 
country, suggesting that Sonomate exhibits promising generalizability 
across diverse clinical settings and imaging conditions.

In Fig. 5c, we present the confusion matrix computed between 
predictions and ground truth labels. While CLIP has demonstrated 
success in general domains, it appears less adept in this biomedical 
application context, perhaps owing to differences in vocabulary and 
image content. For example, in the open-source maternal-fetal US data-
set, all test images are predicted as the class with the name of ‘other’. 
This result may arise from the higher frequency of the term ‘other’ in 
standard web content compared with specialized terminology used in 
fetal ultrasound imaging, such as the class ‘maternal cervix’. Although 
both PubMedCLIP and BiomedCLIP are trained on multimodal medical 
data, encompassing ultrasound image–caption pairs, our Sonomate 
exhibits notably clearer diagonal patterns in the confusion matrix. 
Notably, in PubMedCLIP and BiomedCLIP, distinctions between ana-
tomical structures such as the abdomen and head are often confused. 
By contrast, our method can accurately distinguish between these 
potentially confusing anatomical features.

Next, we compare our Sonomate model with other fully supervised 
models. As shown in Fig. 5d, we observe that our model outperforms 
SimCLR44, SonoNet 16, 32, 64 (ref. 45), and PULSENet46, particularly 
when the labelled training data comprises fewer than 1,000 ultrasound 
scans. This showcases the robustness and adaptability of Sonomate in 
settings without annotated data. Moreover, fully supervised models 
require gathering a new set of annotated training data for deployment 

in a new scenario. This process is not only time-consuming but also 
impractical in many real-world applications owing to resource con-
straints. By contrast, Sonomate offers significant flexibility. It can easily 
adapt to different scenarios in fetal ultrasound without the need for 
continuous data collection and annotation.

In addition, we are interested in comparing our model’s per-
formance to that of human participants. To this end, we designed a 
comprehensive questionnaire featuring 100 fetal ultrasound images. 
Participants in this study were asked to classify each image to a spe-
cific anatomical class. In the ‘few-shot human’ group, participants 
were shown two examples from each category before completing 
the questionnaire, allowing them to familiarize themselves with the 
classification task. In the ‘expert’ group, participants have lots of 
research experience in AI for fetal ultrasound video analysis. We col-
lected responses from eight participants in total, comprising four from 
the ‘few-shot human’ group and four from the ‘expert’ group, which 
included experienced clinicians. The results of this comparison, as 
illustrated in Fig. 5e, show that our model outperforms the ‘few-shot 
human’ group. However, there remains a notable gap in performance 
compared with the ‘expert’ upper bound, indicating areas for further 
refinement and development. Analysing the per-class recall scores 
provides valuable insights into our model’s strengths and weaknesses. 
It demonstrates proficiency in classifying standard anatomical planes 
such as the ‘cardiac’ and ‘kidney’ features. However, performance lags 
behind that of experts for other classes. For example, distinguishing 
between the ‘femur’ and ‘spine’ is challenging owing to their similar 
appearance and classification as bone structures. Similarly, differen-
tiating ‘HCP’ from ‘SOB’ is difficult, as both are brain anatomy scans 
often evaluated in close succession and share common substructures.
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Finally, ablation studies were conducted to comprehensively 
investigate each proposed component, including coarse-grained 
video–text alignment (that is, ℒcoarse), fine-grained image–sentence 
alignment (that is, ℒfine with the ground truth of textual–visual similar-
ity matrix y), anatomy-aware alignment (that is, ℒ′

fine with y), context 
label correction (that is, ℒfine and ℒ′

fine with yclc), adaptive label correc-
tion (that is, ℒfine with yalc and ℒ′

fine with y′alc) and anatomy knowledge 
graph, as shown in Fig. 5f, Extended Data Fig. 1b and Extended  
Data Fig. 6c. By adding each component to the baseline model, Biomed-
CLIP23, the overall performance gradually improves, justifying the 
choice of architecture components.

Especially, we also investigated how to effectively incorporate 
the anatomy knowledge graph (Fig. 4c), exploring three approaches:  
(i) concatenating all substructure words into a sentence to derive the 
class textual embedding, (ii) average pooling of substructure textual 
embeddings and (iii) calculating the mean similarity score between each 
substructure textual embedding and the image embedding. As shown in 
Fig. 5b, concatenating all substructure words into a sentence performs 
best, as the other two approaches may lead to biased predictions if any 
substructure is missing owing to the use of the average operator.

To investigate the effectiveness of the ultrasound vocabulary set 
in the anatomy-aware alignment, we progressively removed words 
based on their visual grounding scores and tested the performance. 
Each vocabulary term was assigned a score from 0 to 10 (with 10 being 
highly visually grounded) based on ChatGPT’s visual-semantic assess-
ment. The frequency distribution of words by score is shown on the left 
in Extended Data Fig. 1a. We progressively remove vocabulary words in 
ascending order of visual grounding scores, starting with scores of 2, 
5 and 6 (resulting in 156 words left), then removing score 7 (128 words 
left) and continuing with scores of 8, 9 and 10. The corresponding 
performance, shown on the right in Extended Data Fig. 1a, reveals a 
clear trend: eliminating weakly grounded words causes only a minor 
performance drop, whereas removing highly grounded terms leads to 
substantial declines. This reveals that visually grounded vocabulary 
terms are critical to accurate alignment between ultrasound image 
and text features.

Sonomate facilitates interaction between the ultrasound 
machine and the user
Sonomate has the functionality to simplify the interaction between the 
ultrasound scanning machine and the user by providing a VQA capabil-
ity, which encompasses both image- and video-level VQA tasks, with 
the key distinction in the input visual data: static images or dynamic 

videos. To facilitate this, we introduce a multimodal decoder within 
Sonomate, denoted as h(⋅) and illustrated in Fig. 6a. This decoder com-
prises a randomly initialized four-layer transformer structure, which 
concatenates vision and question features as input to derive the output 
answer. In addition, we incorporate external knowledge sources, as 
shown in Extended Data Fig. 4a,b, to enhance the answer predictions. 
These capabilities provide crucial context for the reasoning process 
that guides the selection of specific answers. Training details of Sono-
mate for VQA are described in the ‘Knowledge-based VQA’ section.

To optimize the multimodal decoder for the VQA task, we use 
the transcribed audio data and annotations in the PULSE dataset41 to 
generate question–answer pairs and construct VQA datasets, result-
ing in 172,801 image-level VQA training data with 5 question types and 
196,858 video-level VQA training data with 5 question types, as depicted 
in Fig. 6b. For a deeper understanding of the image- and video-level 
VQA datasets, we present several examples in Extended Data Tables 3 
and 4, respectively, including true and false questions and open-ended 
queries. Note that different kinds of question are trained simultane-
ously but tested separately.

For the image-level VQA (Fig. 6c), Sonomate achieves the aver-
age accuracy of 84.15% among 5 tasks. The difference between Sono-
mate and BiomedCLIP in Fig. 6c,d is the pre-trained parameters in text 
encoder g(⋅), while the architecture of the multimodal decoder and 
the loss functions for the VQA tasks remain the same. Compared with 
the baseline (2nd row in Fig. 6c), Sonomate (3rd row in Fig. 6c) shows 
improvements of 6.30%, 4.40%, 6.55%, 2.45% and 15.69% in different 
types of question, respectively. The results indicate that our visually 
grounded language model in Sonomate, pre-trained specifically on 
ultrasound video and text, has a superior performance for image-level 
VQA tasks. Moreover, the integration of external knowledge nota-
bly boosts the VQA performance of our model, particularly on the 
open-source maternal-fetal US dataset, as this additional information 
provides crucial context for answer reasoning.

For the video-level VQA task (Fig. 6d), we utilize F1-score, accuracy 
and BLEU-1 metrics to evaluate whether specific keywords are present 
in the predicted sentences. In addition, we compute BLEU-2 and mini-
mum editing distance (MED) scores to assess the accuracy of the word 
sequences within the predicted sentences. Sonomate outperforms 
the baseline initialized with BiomedCLIP, resulting in improvements 
of 0.03, 0.03, 0.01, 0.03 and 0.08 in the BLEU-1 score. The relatively 
poor performance of the baseline model in skill assessment may be 
because the head views are very similar, leading to poor feature extrac-
tion from the image encoder of BiomedCLIP. Differently, our approach 

Table 1 | Inference efficiency evaluation

Task Input type Inference time per sample GPU/CPU used

Anatomy detection Image 100 ms + 0.23 ms = 100.23 ms per image CPU-only

Image-level VQA Image, textual question 100 ms + 0.37 ms = 100.37 ms per question CPU-only

Video-level VQA 4 min video, textual question 100 ms × 1,200 + 290 ms = 2 min per question CPU-only

Video-level VQA 2 min video, textual question 100 ms × 600 + 160 ms = 1 min per question CPU-only

Video-level VQA 1 min video, textual question 100 ms × 300 + 98 ms = 30 s per question CPU-only

Video-level VQA 0.5 min video, textual question 100 ms × 150 + 72 ms = 15 s per question CPU-only

Anatomy detection Image 7.7 ms + 0.21 ms = 7.91 ms per image GPU and CPU

Image-level VQA Image, textual question 7.7 ms + 0.037 ms = 7.737 ms per question GPU and CPU

Video-level VQA 4 min video, textual question 7.7 ms × 1,200 + 15 ms = 9.3 s per question GPU and CPU

Video-level VQA 2 min video, textual question 7.7 ms × 600 + 8.7 ms = 4.6 s per question GPU and CPU

Video-level VQA 1 min video, textual question 7.7 ms × 300 + 6.0 ms = 2.3 s per question GPU and CPU

Video-level VQA 0.5 min video, textual question 7.7 ms × 150 + 5.0 ms = 1.2 s per question GPU and CPU

The inference time per sample is the sum of two components: the time for inputting the image into the vision transformer (ViT-B/16) for visual feature extraction (left of +) and the time for the 
remaining processing specific to each downstream task (right of +), including anatomy detection, image-level VQA and video-level VQA. For image- and video-level VQA tasks, the image 
feature extraction time is negligible, so only the underlined processing time needs to be considered.
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introduces a residual block with a learnable linear projection layer after 
the fixed image encoder. Optimized with joint coarse- and fine-grained 
alignment, Sonomate can capture more discriminative visual and tex-
tual features specific to ultrasound data. Regarding the sequence pre-
diction tasks, we observe a reduction of 0.03 and 0.04 in the minimum 
number of edits required to align the predicted and ground truth word 
sequences in the sentence for anatomical examination and biometry 
sequence prediction tasks, respectively.

Beyond performance metrics, we further analyse the sensitivity 
of Sonomate to input variations and answer distributions. Specifically, 
we examine the model’s behaviour when image features are absent 
and explore the distribution and accuracy of predicted answers across 
different classes. (1) Question-only results. We conducted experiments 
with a question as input but without providing image or video features. 
In image-level VQA, as shown in the 1st row of Fig. 6c, the performance 
is inferior compared with our model (Sonomate) (3rd and 4th rows). 
The same observation is found in the video-level VQA task, as shown in 
Fig. 6d. These results indicate that Sonomate relies on image content 
for accurate predictions, using the question text as a guide rather than 
being biased towards the text. In other words, Sonomate does not 
base its predictions solely on the question text. (2) Answer prediction 
distribution analysis. Taking the image-level VQA task for example, 
we show the distribution of ground truth answers per question type 
from training and test datasets in Extended Data Fig. 4c. We observe 
that the constructed image-level VQA dataset is balanced among dif-
ferent answers in either true/false questions or open-ended inquir-
ies. With this balanced (unbiased) dataset, we analyse the predicted 
answer distributions, providing users with an intuitive understanding 
of Sonomate’s performance, and highlighting situations where the 
system exhibits high confidence and accuracy as well as those where it 
is more prone to error. Such insight can help users better comprehend 
the reliability and potential limitations of Sonomate answers across 
different question types. In detail, the performance across different 
types of question and answer is shown in Extended Data Fig. 5a–e. 
Two key points are noted in the results. First, for the biometry in the 
training stage, we observe a balanced distribution between ‘yes’ and 
‘no’ answers (Extended Data Fig. 4c). However, the accuracy for sam-
ples with a ground truth of ‘yes’ is higher than for those with a ground 
truth of ‘no’ (Extended Data Fig. 5a). This discrepancy may be due to 
‘yes’ indicating that an image represents a standard plane with good 
quality, while non-standard planes (indicated by ‘no’) exhibit a more 
diverse range of appearances. The training dataset may not fully cap-
ture this diversity, resulting in lower accuracy of the model for ‘no’ 
samples. Second, for the anatomy classification using the open-source 
maternal-fetal US dataset (Extended Data Fig. 5e), the accuracy for ‘no’ 
is higher than for ‘yes’. This may result from the domain gap between 
our dataset and the open-source maternal-fetal US dataset, causing a 
bias towards predicting ‘no’ for unfamiliar samples. By incorporating 
knowledge, our model can refer to substructure (or anatomical land-
mark) information to facilitate the recognition of anatomical structures 
from the open-source maternal-fetal US dataset.

Sonomate guardrails performance
In general, guardrails are designed to filter the inputs and outputs of 
trained language models to prevent a model from providing inappro-
priate or harmful responses47. Among existing guardrails methods48–52, 
input/output engineering approaches that work on the input/output 
prompts have been explored. For example, Jain et al.49 report that filtering 
(perplexity-based) and rephrasing input prompts with large language mod-
els are simple yet promising for defending adversarial attacks in input text. 
Kumar et al.50 propose an erase-and-check framework to defend against 
adversarial input prompts. In clinical practice, sonographers may input 
unexpected queries. Therefore, we investigate two methods to ensure 
the safe use of Sonomate during deployment, namely out-of-distribution 
question detection and question paraphrase generation.

Out-of-distribution questions. Sonomate is specifically designed 
for sonography and is trained on the questions listed in Extended  
Data Fig. 4a,b. To avoid unreasonable responses from out-of- 
distribution (OOD) questions, we develop a method to filter out OOD 
questions, which are not present in the question distribution of the  
training data. As shown in Fig. 7a, we introduce an OOD question detec-
tion network that processes the text of a question and outputs the 
probability for three types: biometry, trimester and anatomy. The 
text encoder is initialized with our trained visually grounded language 
model g(⋅), while the classifier C(⋅) is a randomly initialized linear layer. 
For the image-level VQA task, textual questions are randomly split into 
75% training questions and 25% test questions. In addition, we introduce 
a set of OOD questions irrelevant to biometry, trimester or anatomy but 
related to a fetal ultrasound examination. Using the training question 
texts, the text encoder and classifier are optimized with a cross-entropy 
classification loss. During the test stage, if the predicted maximum 
probability is below a certain threshold, the input is deemed OOD; oth-
erwise, it is classified into one of the three categories. By adjusting the 
threshold between 0.8 and 0.99, as shown in Fig. 7b,c, the performance 
between in-distribution and OOD data can be balanced across a wide 
threshold range. For example, with a threshold of 0.97, the model can 
reject all OOD questions in image-level VQA and raise an error reminder 
stating, ‘Sonomate can’t answer this question’ for each OOD question. 
Otherwise, the question is answered by Sonomate.

Question paraphrase generation. We start by hand-crafting five ques-
tion templates for each type (that is, biometry, trimester and anatomy) 
based on suggestions from sonographers and the recorded audio 
content. To ensure that Sonomate can handle questions in various 
phrasings, for each type, we expand the five question templates into 
200 diverse variants using ChatGPT 3.5. This expansion increases the 
diversity of questions in the training set, allowing it to cover numerous 
ways each type of question might be asked. As a result, the VQA model 
can learn to recognize and understand different phrasings, improving 
its robustness and flexibility.

In the inference stage, we use a question paraphrase generation 
strategy. Specifically, we compare the input test question with the 
training dataset questions. First, we use the previously trained OOD 
question detection model to determine whether the input test question 
falls within the distribution of the training questions. If classified as 
in-distribution, we rephrase it by identifying the most similar question 
from the training set. This similarity is calculated using cosine similarity 
between the feature vector of the input test question, generated by the 
text encoder g(⋅), and the feature vectors of questions from the train-
ing set. This ensures that the input test question is transformed into a 
format that Sonomate is trained to understand, allowing for accurate 
answer prediction. Two examples of paraphrased questions are given 
in Fig. 7d, showing how paraphrasing can lead to improved predictions.

To empirically validate robustness to varied communication 
styles, including those typical of users with different linguistic or cul-
tural backgrounds, we create a targeted test set simulating edge-case 
inputs that reflect real-world variability:

•	 Paraphrasing: We use a fine-tuned T5-based paraphrasing model 
(humarin/chatgpt_paraphraser_on_T5_base) to generate 
diverse reformulations of questions. The model is configured 
with sampling parameters (temperature=1.0, top-k=50, 
top-p=0.92) to promote variation in the generated outputs. 
These paraphrases introduce modifications in syntax, lexical 
choice and word order, mimicking non-standard grammatical 
constructions observed in informal speech or from non-native 
speakers.

•	 Misspellings: To simulate errors commonly encountered in speech 
recognition systems and casual user input, we apply controlled 
perturbations using two complementary strategies: (1) phonetic 
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substitutions, such as ‘fetal’ → ‘fetol’ or ‘right’ → ‘write’, based 
on a curated list of homophones, silent letter variants and pho-
netically similar segments (for example, ‘tion’ → ‘shun’); and (2) 
keyboard-based typos, where characters are substituted using 
adjacent keys on the QWERTY layout to emulate real-world typing 
errors (for example, ‘ultrasound’ → ‘ultrazound’).

As shown in Fig. 7e, we observe that the OOD detection model 
achieves high precision (>98%) when distinguishing in-distribution 
from OOD questions. In addition, the paraphrasing mechanism 
enhances the model’s robustness by transferring ambiguous or unu-
sual questions with in-distribution training templates. This leads to 
improved image-level VQA accuracy on perturbed inputs, closely 
approaching the model’s performance on clean data. These findings 
highlight that our guardrail mechanisms can well handle variation 
in communication style and reinforce their usability across diverse 
user populations.

Computational efficiency of Sonomate
To show the computational demands of our model, we conduct two sets 
of experimental evaluations: one utilizing only CPU (that is, Intel(R) 
Xeon(R) Gold 5215 CPU at 2.50 GHz) and the other utilizing both GPU 
(that is, one NVIDIA Quadro RTX 8000) and CPU. The results are sum-
marized in Table 1, where we report the inference time for different 
downstream tasks under both hardware configurations.

For anatomy detection, the model demonstrates efficient perfor-
mance in both configurations. In the CPU-only scenario, processing 
each image takes 100.23 ms, whereas in the GPU + CPU set-up, the time 
is reduced significantly to 7.91 ms. The image feature extraction pro-
cess, which accounts for approximately 100 ms for CPU-only scenario 
and 7.7 ms for GPU + CPU set-up, is the main contributor to the overall 
inference time. Utilizing GPU support accelerates this process, mak-
ing it well suited for real-time deployment. In addition, the 100.23 ms 
processing time in the CPU-only scenario is still acceptable, even in 
resource-constrained environments.

For image-level VQA, the model is highly efficient. With CPU-only 
processing, answering each question takes 100.37 ms, and when utiliz-
ing both GPU and CPU, this time is reduced to 7.737 ms per question. 
The primary contributor to the inference time remains the image 
feature extraction. Integrating the question with the image features 
takes very little additional time. This highlights that the model is well 
optimized for image-based tasks and can be deployed on both high-end 
and resource-constrained hardware.

For video-level VQA, the processing time increases with the 
length of the video owing to the need to process more frames. With 
CPU-only processing, answering a 4 min video question takes about 
2 min. However, using GPU + CPU reduces this time drastically to 9.3 s. 
Notably, the feature extraction time per frame is 7.7 ms with GPU + CPU 
and 100 ms with CPU-only. Given that the model processes 5 frames 
per second (with each frame lasting 0.2 s), the feature extraction 
time is negligible compared with the frame duration. Therefore, the 
image feature extraction can be implemented during the scanning 
process, making real-time communication feasible. For video-level 
questions, the response time is reduced to 290 ms for CPU-only and 
15 ms for GPU + CPU setting. The model’s efficiency in handling long 
video inputs shows that it can maintain real-time performance, even 
with high-density data, making it practical for real-world applications, 
whether on high-end or resource-constrained hardware.

Discussion
Ultrasound is a highly operator-dependent modality, and a signifi-
cant skill gap exists between newly qualified sonographers and expert 
sonographers, as demonstrated in Extended Data Fig. 2. This study 
presents Sonomate, a visually grounded language model designed 
for real-time fetal ultrasound video understanding, aiming to narrow 

down this skill gap. By addressing inherent challenges of freehand 
ultrasound, Sonomate acts as a digital assistant during live scanning, 
offering interactive guidance such as anatomical detection, question 
answering and immediate feedback. To our knowledge, this is the first 
medical imaging language model to integrate video–text alignment, 
advancing beyond previous work focused mainly on still images or post 
hoc reports. The core innovation of Sonomate lies in the proposed joint 
coarse- and fine-grained alignment strategies tailored to the complexi-
ties of real-world ultrasound scanning, even in the presence of visually 
unrelated contents and temporal asynchrony. By bridging ultrasound 
video streams and sonographer speech patterns, the model achieves 
enhanced multimodal feature representation, which directly boosts the 
performance of anatomy detection, interactive image- and video-level 
question answering in real time.

Beyond performance metrics, Sonomate offers tangible ben-
efits for clinical workflows, particularly in training environments and 
early-career sonography practice. The system addresses the steep 
learning curve of ultrasound by providing context-aware, real-time 
assistance that helps reduce errors, minimize unnecessary repeat scans 
and build user confidence during independent examinations. For newly 
qualified sonographers, this support is especially valuable. Perform-
ing scans without immediate access to experienced colleagues can be 
daunting, often leading to indecision and frequent requests for second 
opinions. Sonomate helps alleviate this by validating image quality and 
confirming whether all required anatomical views have been obtained, 
reducing dependency on expert supervision. For example, many newly 
qualified sonographers tend to capture multiple images of the same 
structure, even when the first image is acceptable, owing to uncer-
tainty. By providing immediate feedback, Sonomate encourages more 
efficient scanning and prevents unnecessary duplication. In addition, 
Sonomate assists with workflow management. Newly qualified sonog-
raphers may forget to capture a required image owing to the nonlinear 
nature of ultrasound exams (for example, fetal movement or position-
ing), only realizing the omission during report writing, sometimes 
necessitating a repeat scan or even a patient recall. With Sonomate, 
users can proactively check in real time whether all required images 
have been captured before ending the examination, helping to reduce 
cognitive load and avoid workflow disruptions. For experienced sonog-
raphers, the benefits of Sonomate are likely to be more limited, as they 
already possess extensive expertise in image acquisition and protocol 
adherence. Importantly, Sonomate is not designed to replace expert 
judgement or make clinical diagnoses. Instead, its primary utility lies 
in education and early-career support, where it enhances confidence, 
supports decision-making, improves workflow efficiency and reduces 
the need for supervisory (that is, experienced sonographers) input.

Despite these strengths, several challenges remain for real-world 
deployment. As illustrated in Extended Data Fig. 3, we identified five 
types of failure scenario. (1) Visual similarity between anatomies: some 
structures have similar appearances, such as the abdominal circum-
ference plane being confused with the cardiac or kidney. (2) Image 
artefacts or noise: shadows, speckle noise or motion artefacts degrade 
image quality and impair anatomy recognition. (3) Multiple anatomies 
in one view: when multiple structures (for example, both kidneys 
flanking the spine) appear in a single image, the model may become 
confused. (4) Over-zoomed views: excessive magnification can crop out 
key anatomical landmarks, leading to incomplete context for accurate 
identification. (5) Non-standard imaging planes: off-standard views 
reduce the model’s ability to distinguish between similar anatomies.

Our findings in Fig. 6c,d highlight the benefits of incorporating 
external knowledge into VQA for ultrasound images. However, this 
also introduces challenges when the external knowledge is incom-
plete or partially incorrect. We investigated how Sonomate handles 
noisy knowledge inputs and found that the model is sensitive to noise 
during testing if it has only been trained on clean knowledge inputs. 
This is because the model treats the noisy knowledge as reliable and 
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integrates it into its predictions, leading to performance degrada-
tion (Extended Data Fig. 6a,b). Fortunately, when exposed to noisy 
knowledge during both training and testing, the system becomes 
more robust, learning to balance visual cues with textual inputs and 
downweight conflicting information (Extended Data Fig. 6a,b). This 
behaviour resembles a regularization effect, where the model implicitly 
learns to distrust unreliable external knowledge and rely more heavily 
on image-based features when inconsistencies arise. These findings 
suggest that, for practical deployment, training strategies should 
include varied and imperfect knowledge to improve the model’s ability 
to handle real-world variability.

Methods
Description of dataset
Video–text pairs collection. All ultrasound scans are performed 
using General Electric (GE) Healthcare Voluson E8 or E10 (Zipf) ultra-
sound machines equipped with standard curvilinear (C2-9-D, C1-6-D, 
C1-5-D) and 3D/4D transducers (RAB6-D, RC6M) by 7 sonographers 
(6 females and 1 male), including both newly qualified sonographers 
and experienced sonographers. The secondary video output from the 
ultrasound machine is connected to a computer with a video grabbing 
card (DVI2PCIe, epiphany video)41. Full-length ultrasound scans are 
recorded at full high-definition resolution (1,920 × 1,080 pixels) at 30 
frames per second. Simultaneously, sonographer voice recordings are 
captured using microphones (PCC160, Crown HARMAN).

Data collection spanned from 21 January 2019 to 9 February 2023. 
Our system is deployed in a tertiary hospital clinic to capture data dur-
ing routine obstetric ultrasound scanning for women attending the 
clinic during the first trimester (167 scans), second trimester (194 scans) 
and third trimester (164 scans), resulting in 525 unique video–audio 
pairs. The collected video data has a total duration of 151 h. On the basis 
of the timeline, the 525 unique video–audio pairs are partitioned into 
456 for training (from 8 May 2019 to 9 February 2023), 14 for validation 
(from 24 April 2019 to 7 May 2019) and 55 for testing (from 21 January 
2019 to 16 April 2019).

Data preprocessing. To reduce computational demands, we downsam-
ple video frames by selecting 1 frame every 6 frames, resulting in a fre-
quency of 5 frames per second and a total of 2,720,834 frames retained. 
We use WhisperX42 to convert recorded audio into text, yielding 79,885 
sentences with corresponding start and end timestamps. This tran-
scription step is chosen over using raw audio because it selectively 
captures the semantic content, specifically the sonographer’s speech, 
which is pertinent for understanding sonography while disregarding 
audio noise. Sentences containing fewer than three words, which are 
likely devoid of useful information, are omitted, leaving 63,847 sen-
tences. As anticipated, the word distribution in the generated text, 
encompassing lots of anatomy-related terms, diverges significantly 
from that of general domains.

Validation datasets for anatomy detection. To evaluate the perfor-
mance of Sonomate in anatomy detection, three datasets are gathered 
as follows. Note that these validation datasets for anatomy detection 
are separate and distinct from the previously mentioned set of 525 
unique video–audio pairs.

(1) First trimester fetal ultrasound dataset consists of 25,623 
images extracted from our first trimester fetal ultrasound videos, 
including 6,992 abdomen (ABD), 5,864 crown-rump length (CRL), 6,012 
head/brain view (Head), 2,548 placenta (PLA) and 4,207 3D view images.

(2) Second trimester fetal ultrasound dataset is composed of 5,225 
images extracted from our second trimester fetal ultrasound videos. 
Each image is annotated as 1 of the 8 anatomical planes, including 480 
abdominal circumference plane (ACP), 448 femur length plane (FLP), 
407 kidney, 441 head circumference plane (HCP), 993 spine, 519 nose 
and lip, 395 suboccipitobregmatic (SOB) and 1,542 cardiac.

(3) Open-source maternal-fetal US dataset. This dataset was col-
lected at BCNatal, a centre with two sites (Hospital Clinic and Hospital 
Sant Joan de Deu, Barcelona, Spain), using six ultrasound machines 
(including Voluson E6, S8, S10 and Aloka systems), by multiple expe-
rienced operators, between October 2018 and April 2019. We utilized 
the test set in ref. 43, including 645 maternal cervix, 358 fetal abdomen, 
1,472 fetal brain, 524 fetal femur, 660 fetal thorax and 1,612 others. The 
diversity in acquisition hardware, protocols and clinical context makes 
it a strong test case for domain robustness.

Dataset for image-level question answering. Sonography encom-
passes a wide array of topics, leading to diverse types of question 
that can arise during ultrasound examinations, such as assessing the 
biometry plane, identifying specific anatomical features in the image 
and so on. Consequently, we have curated a dataset that includes five 
question types: (1) biometry detection, (2) trimester prediction, (3) first 
trimester anatomy detection, (4) second trimester anatomy detection 
and (5) open-set anatomy detection. The diversity of questions makes 
the QA task challenging as it contains many aspects of sonography 
knowledge. These questions include various formats, including true 
and false questions and open-ended inquiries initiated with interroga-
tive words. For each question type, we initially create 5 question tem-
plates through human effort based on suggestions from sonographers, 
subsequently diversifying them into 200 different question templates 
using ChatGPT 3.5. The corresponding answer is derived from manually 
annotated labels in our laboratory. Detailed examples of the dataset 
can be found in Extended Data Table 3.

Dataset for video-level question answering. To handle the diverse 
interaction situations in ultrasound examination procedures, we 
design five kinds of video-level question, including (1) anatomical 
examination sequence prediction, (2) biometry sequence prediction, 
(3) missing checked anatomy detection, (4) finding out the anatomy 
checked before or after a specific anatomy, and (5) sonographer skill 
assessment. Tasks (1), (2) and (4) are intended to assist in quickly sum-
marizing the anatomical structures examined. Task (3) guides sonog-
raphers in identifying any missing checked anatomies and provides 
reminders for subsequent actions in the following ultrasound exami-
nation. Task (5) offers real-time skill evaluations, assisting users in 
improving their scanning proficiency. For question types (1–4), the 
answer ground truth is derived from the audio-transcribed text. The 
ground truth of sonographer skill assessment is derived by threshold-
ing the score provided by an in-house model. A larger score indicates a 
‘good’ head view and indicates a better ultrasound scanning skill. Video 
length is randomly selected for each VQA sample. Examples of dataset 
are shown in Extended Data Table 4.

ℒfine = −
N

∑
n=1

log
∑

m∈𝒫𝒫n
exp(p[m,n]/τ)

∑
m∈𝒫𝒫n

exp(p[m,n]/τ)+∑m′∈𝒩𝒩n
exp(p[m′ ,n]/τ)

,

𝒫𝒫n ∈ { y[m,n] = 1} ,where k × tstartn < m < k × tendn

𝒩𝒩n ∈ { y[m′,n] = 0} ,where0 < m′ < k × tstartn and k × tendn < m′ < M.
(1)

Coarse-grained video–text alignment
To obtain a visually grounded language model capable of under-
standing ultrasound videos from the sonographer’s perspective, one 
straightforward yet effective approach is to follow the pipeline of the 
CLIP model22, which aligns the feature spaces of vision and language. 
Therefore, we first develop a coarse-grained video–text alignment 
method. The network architecture is composed of a vision encoder 
(VIT-B/16) and a text encoder (BERT) denoted as g(⋅), which are initial-
ized with BiomedCLIP23. To enhance the extraction of discriminative 
visual features from ultrasound data, we introduce a residual block with 
a learnable linear projection layer following the fixed vision encoder. 
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For simplicity, the combined residual block and vision encoder are 
collectively referred to as f(⋅).

Given an ultrasound video clip {𝒱𝒱, 𝒱𝒱}, 𝒱𝒱 = {𝒱1, ℐ2,… , ℐM} is the video 
including M frames, and text 𝒱𝒱 = {𝒯𝒯1, 𝒮𝒮2,… , 𝒮𝒮N} is the set of N sentences 
transcribed from corresponding audio. Image features are obtained 
through { f(𝒱1𝒯, f(𝒱2𝒯,… , f(𝒱M𝒯}, resulting in feature vectors in ℝC. Similarly, 
text features are obtained using a BERT text encoder, which considers 
a context of 512 tokens to capture the content of the sonographer’s 
speech, resulting in a feature vector T = g(𝒱𝒱𝒯 ∈ ℝC  of dimension  
C. Considering in the ultrasound video some frames may be  
visually unrelated to the corresponding text feature, aligning  
the text feature with a globally averaged video representation is  
a trivial solution. We, therefore, leverage the similarity scores of 
{f(𝒱1𝒯g(𝒱𝒱𝒯, f(𝒱2𝒯g(𝒱𝒱𝒯,… , f(𝒱M𝒯g(𝒱𝒱𝒯}  as weight coefficients to compute a 
summation of weighted image features as the video representation 
V = f(𝒱𝒱𝒯 that best aligns with the text query g(𝒱𝒱𝒯. With a mini-batch of 
B examples, the contrastive loss for coarse-grained video–text align-
ment can be computed by

ℒcoarse =
B

∑
i=1

log ecos(f(𝒱𝒱𝒱i ,g(𝒯𝒯𝒯i )/τ

∑B

j=1 e
cos(f(𝒱𝒱𝒱i ,g(𝒯𝒯𝒯j )/τ

+
B

∑
i=1

log ecos(f(𝒱𝒱𝒱i ,g(𝒯𝒯𝒯i )/τ

∑B

j=1 e
cos(f(𝒱𝒱𝒱j ,g(𝒯𝒯𝒯i )/τ

,
(2)

where τ is the temperature. Minimizing ℒcoarse ensures that the features 
extracted from the video and corresponding text are brought closer 
together in the feature space. At the same time, it pushes away features that 
do not correspond to each other. The contrastive learning strategy ensures 
a coarse alignment between the text and ultrasound video feature spaces.

Fine-grained image–sentence alignment
Considering that a single ultrasound video may encompass various 
examinations, we need to establish a more fine-grained alignment 
between frames and sentences. Thus, we propose a fine-grained image–
sentence alignment, which ‘pulls together’ the sentence feature with 
frame features occurring between the corresponding start and end 
timestamps, enabling synchronization between visual and textual 
embeddings at a fine-grained level.

Formally, for the ultrasound video clip {𝒱𝒱, 𝒱𝒱}, our model takes 
frames and sentences within the video clip as inputs, and outputs a 

textual–visual similarity matrix p = {f(ℐ⋅)}⋅{g(𝒮𝒮⋅)}
∥{f(ℐ⋅)}∥∥{g(𝒮𝒮⋅)}∥

∈ ℝM×N . This matrix 

represents the similarity between each sentence and all frames in the 
video. The optimization object is therefore to optimize the fine-grained 
textual embeddings to align with visual embeddings, and we encourage 
the similarity score between the sentence and its corresponding visual 
frames to be maximized. The correspondence, that is, the ground truth 
of textual–visual similarity matrix y ∈ ℝM×N, is derived from generated 
timestamps. Taking the sentence Sn for example, WhisperX42 generates 
its start and end timestamps, that is, tstartn  and tendn . If the frequency of 
frames per second is k, values of elements y[k × tstartn < m < k × tendn ,n] 
are 1, and y[0 < m < k × tstartn ,n] and y[k × tendn < m < M,n] are 0. There-
fore, the objective function of fine-grained image–sentence alignment 
is formulated as equation (1).

As analysed in the ‘Dataset and challenges’ section, heterogeneous 
language and temporal asynchrony between video and audio content 
are two main problems in cross-modality alignment. Specifically, the 
heterogeneous language problem lies in the text input, which may 
include some irrelevant contents to ultrasound scanning and exhibit 
diverse language habits among sonographers. The asynchronous 
content reflects in the noises in textual–visual similarity matrix ground 
truth. This is because the sonographer may explain their actions before 
actually performing them, leading to temporal misalignment between 
video and audio content.

To address the challenge of heterogeneous language, we propose 
the anatomy-aware alignment method. Our approach begins by estab-
lishing an ultrasound vocabulary set, encompassing words that are 
closely related to the visual aspects of ultrasound, as detailed in 
Extended Data Table 1. Subsequently, we utilize the vocabulary set to 
extract keywords from each sentence, resulting in the transformation 
of each sentence into a simplified template, enriched with the extracted 
words. These simplified sentences are also encouraged to be aligned 
with corresponding visual features by constraining the textual–visual 
similarity matrix p′ with the ground truth alignment label. This strategy 
avoids situations where ultrasound videos are aligned with unrelated 
language content. In addition, it can avoid unnecessary complexity 
from language grammar and heterogeneous language styles.

As for the asynchronous content problem, we aim to alleviate the 
label noises of the textual–visual similarity matrix and design the align-
ment label correction method accordingly. This approach effectively 
alleviates label noise in two ways, through context label correction and 
adaptive label correction methods. In particular, the context label 
correction regards next few frames as a positive set of the current 
sentence, and the alignment label y is modified to yclc, where the values 
of elements yclc[k × tstartn < m < k × tend

n+l ,n]  are 1, while elements 
yclc[0 < m < k × tstartn ,n] as well as yclc[k × tend

n+l < m < M,n] are 0. With the 
hyperparameter l increasing, more context frame embeddings are 
aligned with current sentence embedding, and thus the chance that 
spoken words correlate with what is happening in the video increases. 
We empirically set l to 2.

However, we advance the adaptive label correction method based 
on the observation that deep learning models initially learn correct 
semantic information but may subsequently memorize label noise 
owing to their strong memorization capabilities38–40,53,54. This adaptive 
label correction method emphasizes the importance of the given align-
ment, denoted as yclc, during the early stages of learning. As the learning 
process progresses, it gradually shifts its reliance towards the predicted 
textual–visual similarity matrix (p or p′). Formally, taking in the similar-
ity matrix p for example, the adaptively corrected label yalc can be 
switched between the given alignment label yclc and the thresholded 

output of model pγ⋅ = { 1 ifp⋅ > γ
0otherwise, where γ is the threshold hyperpa-

rameter indicating whether the sentence and frame form a positive 
pair. p⋅ is one element in p. The switching behaviour is controlled by a 
confidence policy Ct, designed as a polynomial confidence policy that 
collaborates effectively with the model’s learning in each iteration. 
Mathematically, the confidence policy is expressed as follows: 
Ct = C0 × (1 − t/t′𝒯λ, where C0 is the initial confidence (set to 1), t denotes 
the current iteration, t′ is the total number of iterations and λ is a hyper-
parameter controlling the policy inclination, which is empirically set 
to 1. Hence, the alignment label yalc for textual–visual similarity matrix 
p is calculated as follows:

yalc⋅ = {
yclc⋅ ifx = 1, x ∼ B (1;Ct𝒯

pγ⋅ if x = 0, x ∼ B (1;Ct𝒯
(3)

Herein the alignment label yalc is randomly determined by a Bernoulli distri-
bution B (1;Ct𝒯, with the probability of selecting the predicted textual–visual 
similarity matrix gradually increasing over time. By substituting y in equa-
tion (1) with either yalc or y′alc, we derive the objective functions ℒfine and ℒ′

fine, 
which are utilized to optimize the predicted textual–visual similarity matri-
ces p and p′, respectively. These two label correction techniques, that is, 
context label correction and adaptive label correction, collaborate to effec-
tively mitigate label noises and enhance the overall robustness of our 
approach for handling asynchronous content.

In summary, the language model g(⋅) is optimized by jointing 
coarse-grained video–text alignment and fine-grained image– 
sentence alignment. The overall objective function thus is denoted 
as ℒ = ℒcoarse + ℒfine + ℒ′

fine.
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Knowledge-enhanced anatomy detection
When evaluating the performance of our trained language model on 
the downstream task of anatomy detection, we encounter challenges 
with the commonly used CLIP-based inference methods22,23,25. These 
methods rely on a single word to represent each class, and the final 
prediction for an image is determined by selecting the class whose 
textual embedding exhibits the maximum cosine similarity score to 
the image embedding. However, this approach becomes problematic 
in cases where multiple anatomical landmark structures need to be 
considered within a single anatomy image. For instance, when clas-
sifying a head circumference plane image, the anatomy to be detected 
may encompass various substructures, such as the cavum septum pel-
lucidum, choroid plexus, mid-line and so on. This complexity renders a 
single-word representation inadequate for accurate detection.

To address this issue, we construct an anatomy knowledge graph 
specific to fetal ultrasound (as presented in Extended Data Table 2) and 
advance a knowledge-enhanced anatomy detection procedure. Then, 
we design three distinct methods for incorporating this knowledge 
into the process of generating class textual embeddings. (1) Sentence 
with subcategory: we concatenate all subcategories within a class into 
a template sentence, creating a more comprehensive text embedding 
for each class. (2) Subcategory embedding average: we apply average 
pooling after generating text embeddings for all subcategories to 
derive the class embedding. (3) Cosine similarity average: we compute 
the cosine similarity score between the image embedding and each 
subcategory embedding. Subsequently, the probability of the image 
being classified into the class is calculated as the average of these cosine 
similarity scores. These methods allow us to leverage anatomical knowl-
edge effectively in the task of anatomy detection, providing diverse 
approaches for handling the complexity of anatomical structures and 
subcategories. The devised three methods are compared and discussed 
in the experiment section (‘Sonomate can classify fetal ultrasound 
images without fine-tuning on labelled data’ section).

Knowledge-based VQA
To enable VQA, we introduce a multimodal decoder denoted as h(⋅), 
which operates on top of the image encoder f(⋅) and the well-trained 
language model g(⋅). This decoder is designed as a four-layer trans-
former structure and takes both visual features (either image or video 
features) and question features as inputs to generate the final answer. 
The process can be expressed as follows:

â = h( f(𝒱𝒱𝒯, g(𝒬𝒬𝒬𝒬t∈𝒜𝒜 = {â1, â2,… , ât,… , âA ∈ ℝv}, (4)

where â represents the likelihood of the predicted answer words in the 
sequence. 𝒱𝒱 = {𝒱1, ℐ2,… , ℐM}, where M equals 1 for image-level QA and 
can be greater than 1 for video-level QA (encompassing multiple frames 
for analysis). g(𝒬𝒬𝒯 represents the set of text embeddings for the words 
in the question. For example, the question may be ‘Could you please 
determine the trimester of the fetus by examining this ultrasound scan? 
[UNK] [UNK] [SEP]’. t ∈ 𝒜𝒜 indicates the position of ‘[UNK]’ token. v is 
the size of the vocabulary set.

With the goal of generating an open-ended answer in natural lan-
guage, we train the multimodal decoder by maximizing the probability 
of generating the ground-truth answer a = {a1,a2,… ,at,… ,aA ∈ ℕ} based 
on the provided vision and question features. The objective function 
used to train the decoder is the negative log-likelihood of predicting 
the correct tokens in the answer sequence. This can be expressed as 

ℒA = −∑t∈𝒜𝒜 log ât
at

∑V

v
ât
v

, where ât
at  is the probability of tth answer token 

being predicted as the ground-truth answer token at.
To enhance the reasoning ability of the decoder, we further use the 

mask language modelling technique. In other words, the question input 
is randomly masked with several ‘[MASK]’ tokens, and the multimodal 
decoder learns to complete the masked token, which can be formulated 

as the objective function ℒMLM = −∑t∈ℳ log ât
at

∑V

v
ât
v

, where ℳ  indicates 

the position of ‘[MASK]’ token in question. In summary, the objective 
function of optimizing multimodal decoder for image- and video-level 
VQA tasks is ℒVQA = ℒA + ℒMLM.

Inspired by previous works that utilize Wikipedia or large lan-
guage model knowledge to facilitate VQA55–58, we incorporate extra 
fetal ultrasound knowledge for VQA tasks. However, we find that 
external knowledge sources such as ChatGPT and Wikipedia are too 
general to be useful for our specialized question-answering needs. 
Therefore, we design specific knowledge tailored to our dataset, as 
shown in Extended Data Fig. 4a,b. For example, in the biometry image 
recognition of image-level VQA, different trimesters present different 
biometry images. The first trimester includes biometry measurements 
such as CRL and nuchal translucency (NT), while the second trimester 
includes measurements such as HCP, cerebellum, ACP and FL. Thus, 
trimester information could provide valuable cues for biometry rec-
ognition. To integrate this knowledge, as illustrated in Fig. 6, we con-
catenate features of knowledge text derived from g(⋅) with both visual 
features and question features. These combined features are then 
inputted into the multimodal decoder h(⋅) for answer reasoning:  
â = h(f(𝒱𝒱𝒯, g(𝒬𝒬𝒬𝒬 g(𝒦𝒦𝒦𝒦t∈𝒜𝒜.

Implementation details
Vision encoder. As introduced in the ‘Coarse-grained video–text align-
ment’ section, we adopt a pre-trained ViT-B/16 from BiomedCLIP23 as 
the video backbone. Specifically, we sample 1 frame every 6 frames 
from the ultrasound video and resize each frame to 224 × 224 resolution 
before feeding it into the ViT-B/16. This produces a 512-dimensional 
feature vector per frame. To enhance the extraction of discriminative 
visual features from ultrasound data, we add a residual block followed 
by a learnable linear projection layer, which refines the extracted fea-
tures into 512D representations.

Text encoder. As described in the ‘Coarse-grained video–text align-
ment’ section, we use a BERT-based text encoder initialized with weights 
from BiomedCLIP23. During the cross-modality alignment stage, each 
sentence is truncated or padded to a maximum of 36 words based 
on empirical performance, and the resulting sentence embeddings 
are 512-dimensional. All input text is lowercased and tokenized using 
the BERT tokenizer from HuggingFace Transformers, consistent with 
BiomedCLIP preprocessing. Temporal alignment is performed by 
associating each sentence with its corresponding segment within a 
120 s video window.

Multimodal decoder. The multimodal decoder is designed as a 
four-layer transformer that takes both visual features (from images or 
video segments) and question embeddings as input to generate textual 
answers. This decoder is trained from scratch without any pre-training.

Training and testing strategy. All models are implemented using 
the PyTorch library and trained on an NVIDIA Quadro RTX 8000 GPU. 
During the cross-modality alignment stage, the vision transformer 
(ViT-B/16) component of the vision encoder is frozen, while its learn-
able linear projection layer and the text encoder are jointly trained. 
Optimization is performed using the AdamW optimizer with a learning 
rate of 2 × 10−6 and a cosine decay learning rate schedule. The batch size 
is set to 24. Each training sample consists of a 120 s temporal window 
(that is, 600 video frames), with the number of associated sentences 
varying according to the spoken utterances within the window.

For the knowledge-enhanced anatomy detection, each test image 
and a set of candidate anatomical text descriptions are processed 
through the trained vision and text encoders. The anatomical structure 
corresponding to the text embedding with the highest cosine similarity 
to the image embedding is selected as the final prediction.
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For the knowledge-based VQA, the vision and text encoders are fro-
zen, and only the multimodal decoder is fine-tuned. We use a batch size 
of 160 for image-level VQA and 64 for video-level VQA. The optimizer 
is AdamW with a learning rate of 2 × 10−6. Each question is truncated or 
padded to a maximum of 77 words.

Evaluation metrics and statistical analysis
In the anatomy detection task, recall, precision and F1-score are  
used for evaluation, which is calculated through Recall = TP

TP+FN
,

Precision = TP
TP+FP

, F1 = 2×Precision×Recall
Precision+Recall

= 2×TP
2×TP+FP+FN

. Note that TP indicates 

the number of true positives, FN stands for the number of false nega-
tives, and FP is the number of false positives.

To assess the performance of image-level question answering, we 
utilize the accuracy score as our primary evaluation metric. This score 
is computed by comparing the predicted answer with the ground truth 
answer. If the predicted answer matches the ground truth answer, it is 
considered accurate; otherwise, it is deemed incorrect.

Evaluating video-level question answering is a multifaceted task, 
as some questions entail predicting word sequences within sentences. 
To comprehensively assess performance, we use a range of metrics: 
(1) ‘F1-score’ evaluates content accuracy, considering both precision 
and recall, providing a balanced assessment of prediction quality. (2) 
‘Accuracy’ assesses the correctness of predicted answers relative to 
the ground truth. (3) ‘BLEU-1’ measures content accuracy by compar-
ing predicted and ground truth word sequences, with a higher score 
indicating better performance. (4) ‘BLEU-2’: similar to BLEU-1 but 
considers bigrams (two-word sequences) in the comparison. (5) ‘Mini-
mum editing distance (MED)’ at the word level evaluates the precision 
of sequence prediction by measuring the minimum number of edits 
required to align the predicted and ground truth word sequences. 
 A lower MED score indicates a more precise prediction.
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Extended Data Fig. 1 | Ablation study in the anatomy detection tasks.  
a, ablation study evaluating the effectiveness of the ultrasound vocabulary set 
(right). Words were progressively removed based on their visual grounding 

scores (left) to assess the impact on model performance. b, ablation study of 
Sonomate by selectively removing key components. Note that the best results are 
highlighted in bold red font.
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Extended Data Fig. 2 | Anatomy detection performance comparison of Sonomate trained on video-audio pairs collected by experienced vs. newly qualified 
sonographers. For a fair comparison, 68 training video-audio pairs were randomly selected from each group.
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Extended Data Fig. 3 | Representative failure cases of anatomy detection from Sonomate. The predicted anatomy is shown in red, while the ground truth is shown  
in green.
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Extended Data Fig. 4 | Details of VQA datasets. a, details of image-level VQA dataset. b, details of video-level VQA dataset. c, distribution of answers per question type 
from training (left) and test (right) image-level VQA datasets.
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Extended Data Fig. 5 | Detailed evaluation of image-level VQA. a, biometry prediction task. b, trimester prediction task. c, first trimester anatomy classification task. 
d, second trimester anatomy classification task. e, open-source maternal-fetal US image classification task.
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Extended Data Fig. 6 | Ablation study of Sonomate on VQA tasks. a, Performance of Sonomate on image-level VQA tasks under conditions of incorrect external 
knowledge. b, Performance of Sonomate on video-level VQA tasks under conditions of incorrect external knowledge. c, ablation study of cross-modality alignment 
methods on video-level VQA task.
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Extended Data Table 1 | Ultrasound visual vocabulary set
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Extended Data Table 2 | Anatomy knowledge graph specific to fetal ultrasound
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Extended Data Table 3 | Examples from our constructed image-level VQA training dataset
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Extended Data Table 4 | Examples from our constructed video-level VQA training dataset
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Nature Portfolio wishes to improve the reproducibility of the work that we publish. This form provides structure for consistency and transparency 
in reporting. For further information on Nature Portfolio policies, see our Editorial Policies and the Editorial Policy Checklist.

Statistics
For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.

n/a Confirmed

The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement

A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided 
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested

A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient) 
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted 
Give P values as exact values whenever suitable.

For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes

Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code
Policy information about availability of computer code

Data collection Ultrasound system: All scans are performed using a commercial General Electric (GE) Healthcare Voluson E8 or E10 (Zipf, Austria) ultrasound 
machines equipped with standard curvilinear (C2-9-D, C1-6-D, C1-5-D) and 3D/4D transducers (RAB6-D, RC6M).  
 
Video recording: The secondary video output from the ultrasound machine is connected to a computer equipped with a video grabbing card 
(DVI2PCIe, epiphany video, Palo Alto, California) and purpose-built software to ensure real-time anonymization of the video. Hence, the saved 
videos include no personal details. Full-length ultrasound scans are recorded using the ultrasound machine full high-definition (HD) resolution 
(1920 × 1080 pixels) at 30 frames per second. Video files are recorded using lossless compression. 
 
Audio recording: Sonographer voice recording is carried out using two microphones (PCC160, Crown HARMAN, Northridge, California). One 
microphone is located in proximity to the operator, next to the ultrasound machine display screen, to best capture the operator’s voice. The 
second microphone is located away from the operator, next to the pregnant woman and any accompanying persons. This setup allows to 
isolate the sonographer’s voice from that of others present in the scanning room. Transcription is performed using the WhisperX.

Data analysis WhisperX, Python 3.8.17, Pytorch 2.0.0, CUDA 11.8

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and 
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.



2

nature portfolio  |  reporting sum
m

ary
April 2023

Data
Policy information about availability of data

All manuscripts must include a data availability statement. This statement should provide the following information, where applicable: 
- Accession codes, unique identifiers, or web links for publicly available datasets 
- A description of any restrictions on data availability 
- For clinical datasets or third party data, please ensure that the statement adheres to our policy 

 

The dataset of videos and audios is from PULSE (Perception Ultrasound by Learning Sonographer Experience) project. The detailed description of the novel 
acquisition system for collecting the PULSE dataset can be found at https://www.nature.com/articles/s41598-021-92829-1#article-info. The PULSE dataset is not 
publicly available due to our adherence to strict patient data governance policies, which prioritizes patient privacy and data security. The open-source maternal-
fetal US dataset we use for external validation is publicly available at https://zenodo.org/records/3904280. 

Research involving human participants, their data, or biological material
Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation), 
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender The study involved pregnant participants who were women attending the Oxford University Hospitals NHS Foundation Trust 
for routine obstetric ultrasound scans in the Ultrasound Departments. All participants were aged between 18 and 50 years. 
 
The sonographers conducting the scans comprised 7 individuals: 6 women and 1 man, all of whom were accredited 
sonographers, trainees, or fetal medicine doctors employed at the John Radcliffe Hospital.

Reporting on race, ethnicity, or 
other socially relevant 
groupings

Information on race, ethnicity, or other socially relevant groupings was not collected. 

Population characteristics The PULSE study population comprised pregnant women attending routine obstetric scans in Oxfordshire, United Kingdom, 
from May 2018 until the study’s conclusion. Eligibility criteria were as follows: 
(1) Age: Participants were required to be 18 years or older. 
(2) Language: Participants needed to provide informed consent in English. 
(3) Gestational Circumstances: Women with multiple gestations were eligible and not excluded from participation. 
(4) Standard Care Inclusion: All participants were part of the routine maternity care pathway, which involves three routine 
ultrasound scans during pregnancy: 
(i) First Trimester: Assessment for viability, gestational age, and aneuploidy screening via nuchal translucency measurement 
(11–13+6 weeks). 
(ii) Second Trimester: Comprehensive anomaly scan (approximately 20 weeks). 
(iii) Third Trimester: Fetal growth assessment (approximately 36 weeks). 
 
For this paper, a subset of data from the PULSE study was analyzed, comprising 525 unique video and audio pairs of full-
length fetal ultrasound scans recorded during routine obstetric examinations. These scans were performed by 7 
sonographers at John Radcliffe Hospital between January 21, 2019, and February 9, 2023, and included 167 first-trimester 
scans (11–13+6 weeks), 194 second-trimester scans (approximately 20 weeks), and 164 third-trimester scans (approximately 
36 weeks). The average duration of the ultrasound scans was 17.26 minutes. Audio recordings of the sonographers were 
transcribed into text using WhisperX, producing a corpus of 79,885 sentences, each annotated with start and end 
timestamps and averaging 9.24 words per sentence. The vocabulary reflected a domain-specific distribution, predominantly 
influenced by anatomical terminology. The 525 video-audio pairs were divided into subsets for machine learning, with 456 
pairs allocated for training (collected between May 8, 2019, and February 9, 2023), 14 pairs for validation (collected between 
April 24, 2019, and May 7, 2019), and 55 pairs for testing (collected between January 21, 2019, and April 16, 2019). 
 
In addition, we evaluated the anatomy detection performance using the test set of an open-source maternal-fetal US dataset 
from the study described in the paper by Burgos-Artizzu et al. (Scientific Reports, 2020, 10(1): 10200). This dataset was 
collected using six ultrasound machines (including Voluson E6, S8, S10, and Aloka systems), by multiple experienced 
operators, at BCNatal, a center with two sites (Hospital Clinic and Hospital Sant Joan de Deu, Barcelona, Spain), which has 
large dedicated maternal-fetal departments handling thousands of deliveries per year. Images were acquired during standard 
clinical practice between October 2018 and April 2019. The study included pregnant women attending for routine pregnancy 
screening during the second and third trimesters, with exclusions for multiple pregnancies, congenital malformations, or 
aneuploidies. Gestational age ranged from 18 to 40 weeks. The test set includes 645 maternal cervix, 358 fetal abdomen, 
1,472 fetal brain, 524 fetal femur, 660 fetal thorax, and 1,612 others. 

Recruitment Participants in PULSE study were recruited starting in May 2018 during their routine obstetric scans at maternity care units in 
Oxfordshire, United Kingdom. The recruitment process was designed to integrate seamlessly into standard care pathways, 
minimizing participant burden. The key steps included: 
(1) Invitation to Participate: Pregnant women aged 18 years or older attending routine ultrasound appointments were 
approached by healthcare staff and invited to participate in the study. 
(2) Consent Process: Interested women were provided with detailed information about the study aims and procedures, 
including both verbal and written explanations. They received information sheets in English and had the opportunity to ask 
questions before providing written and verbal informed consent. 
(3) Participation Process: Upon consenting, participants agreed to have their routine ultrasound scan recorded for research 
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purposes. There were no modifications to standard ultrasound procedures, and all clinical results and follow-up management 
continued in accordance with national and local protocols. 
(4) Anonymization: To ensure privacy, each participant was assigned a unique study number, allowing data to be anonymized 
for research purposes. 
(5) Withdrawal Policy: Participants retained the right to withdraw from the study at any time. In such cases, their data were 
excluded from the analysis and not used further. 
 
As for the open-source maternal-fetal US dataset from the study described in the paper by Burgos-Artizzu et al. (Scientific 
Reports, 2020, 10(1): 10200),it was conducted in accordance with relevant guidelines and regulations and were approved by 
the coordinator’s Institutional Review Board (Comité de Ética de Investigación Clínica, ID HCB 2018/0031). All patients 
provided written informed consent to use ultrasound images for research purposes.

Ethics oversight Ethics approval was granted by the West of Scotland Research Ethics Service, UK Research Ethics Committee (Reference 18/
WS/0051). All methods were carried out in accordance with relevant guidelines and regulations. Written informed consent 
was obtained from all participants, including pregnant women and sonographers.

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Field-specific reporting
Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

Life sciences Behavioural & social sciences  Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Life sciences study design
All studies must disclose on these points even when the disclosure is negative.

Sample size Data collection spanned from January 21, 2019, to February 9, 2023. The system was deployed in a tertiary hospital clinic to capture routine 
obstetric ultrasound scanning data. This included scans during the first trimester (167 scans), second trimester (194 scans), and third 
trimester (164 scans), resulting in 525 unique video-audio pairs. The collected video data had a total duration of 151 hours. These pairs were 
partitioned into subsets: 456 pairs for training (May 8, 2019, to February 9, 2023), 14 pairs for validation (April 24, 2019, to May 7, 2019), and 
55 pairs for testing (January 21, 2019, to April 16, 2019). Detailed statistics can be found in Fig. 1.  
 
For anatomy detection validation, three distinct datasets were created (Fig. 4d): 
(1) First trimester fetal ultrasound dataset: 25,623 images extracted from 167 scans. 
(2) Second trimester fetal ultrasound dataset: 5,225 images extracted from 194 scans, annotated as one of eight anatomical planes. 
(3) Open-source maternal-fetal US dataset: Utilized from Burgos-Artizzu et al. (Scientific Reports, 2020), including 645 maternal cervix, 358 
fetal abdomen, 1,472 fetal brain, 524 fetal femur, 660 fetal thorax, and 1,612 other images. 
 
For image-level Question Answering (QA), as shown in Fig. 6b, we have 172,801 training samples, 5,069 validation samples, and 21,728 testing 
samples 
 
For video-level Question Answering (VQA), as shown in Fig. 6b, we have 196,858 training samples, 123,522 validation samples, and 152,292 
testing samples.

Data exclusions No data exclusions were applied.

Replication Replication: The study utilized existing datasets from the PULSE study, comprising a range of routine obstetric ultrasound scans collected at a 
tertiary hospital clinic in Oxfordshire, United Kingdom. Data were collected consistently across different trimesters, ensuring uniformity in 
scan protocols and imaging conditions. The datasets were systematically divided into subsets for training, validation, and testing, which were 
used for developing and evaluating the Sonomate system. This approach allowed the replication of data collection across clinical settings and 
time periods, facilitating the generalizability of the findings. Additionally, to evaluate the anatomy detection performance more broadly, we 
utilized an open-source maternal-fetal ultrasound dataset [Burgos-Artizzu et al., Scientific Reports, 2020] which included a range of 
anatomical images and allowed for validation across different settings.

Randomization Data from the PULSE study were partitioned into training, validation, and testing subsets to evaluate the performance of Sonomate in 
anatomy detection. The partitioning was performed without explicit randomization, reflecting the chronological order of data collection. This 
approach allowed for a realistic simulation of real-world clinical data, where data from the most recent time periods were used for testing and 
earlier periods for training. Randomization could not be applied due to the constraints of data availability and the necessity to maintain 
chronological integrity for evaluating temporal trends.

Blinding The study utilized anonymized data from the PULSE study, which ensured that the identities of the pregnant women and sonographers were 
not known to the authors. All data were stripped of any personal identifiers, allowing for objective analysis without potential biases associated 
with knowing the identities of participants or providers. 

Reporting for specific materials, systems and methods



4

nature portfolio  |  reporting sum
m

ary
April 2023

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material, 
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response. 

Materials & experimental systems
n/a Involved in the study

Antibodies

Eukaryotic cell lines

Palaeontology and archaeology

Animals and other organisms

Clinical data

Dual use research of concern

Plants

Methods
n/a Involved in the study

ChIP-seq

Flow cytometry

MRI-based neuroimaging

Novel plant genotypes Describe the methods by which all novel plant genotypes were produced. This includes those generated by transgenic approaches, 
gene editing, chemical/radiation-based mutagenesis and hybridization. For transgenic lines, describe the transformation method, the 
number of independent lines analyzed and the generation upon which experiments were performed. For gene-edited lines, describe 
the editor used, the endogenous sequence targeted for editing, the targeting guide RNA sequence (if applicable) and how the editor 
was applied.

Seed stocks Report on the source of all seed stocks or other plant material used. If applicable, state the seed stock centre and catalogue number. If 
plant specimens were collected from the field, describe the collection location, date and sampling procedures.

Authentication Describe any authentication procedures for each seed stock used or novel genotype generated. Describe any experiments used to 
assess the effect of a mutation and, where applicable, how potential secondary effects (e.g. second site T-DNA insertions, mosiacism, 
off-target gene editing) were examined.

Plants
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