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Abstract. Guidance is essential in teaching the required skills for per-
forming highly technical obstetric ultrasound examination. These skills
include selecting the appropriate control panel functions, making cor-
rect image adjustments, and positioning the probe effectively to acquire
high quality anatomical views. Existing work mainly focused on assess-
ing image quality, without identifying where errors occur during ultra-
sound scanning or how a trainee should correct them. We introduce
FOCUS, the Fetal Obstetric Corrective UltraSound instructor, a new
multimodal framework designed to learn and deliver corrective guidance
for trainee sonographers using both video and text. FOCUS analyses
ultrasound video sequences and provides corrective feedback indicat-
ing specific actions needed to improve technical performance. To de-
velop this framework, we collect obstetric ultrasound data captured by
trainees, annotated with corrective instruction labels, anatomical labels,
and accompanying expert textual feedback. Our experiments demon-
strate that FOCUS effectively learns to recognise suboptimal image pat-
terns and generate targeted corrective feedback. We provide the code at
https://github.com/hlamdouar/focus-ultrasound-guidance.

Keywords: Fetal Ultrasound · Generated feedback · Corrective instruc-
tion · Human AI collaboration

1 Introduction

Obstetric ultrasound examination is a highly complex task that involves the
detection and recognition of key structures, the capture of specific anatomical
views, and the measurement of biometry to assess the progress of the pregnancy
and its associated care plan. Typically, during the examination, the operator
aims to maintain the target fetal or maternal anatomical area in the centre of the
screen, and to maximise image quality. To this end, the operator proceeds with
a sequence of actions: (i) manipulating the transducer, i.e. through movements
of rotation, translation, and inclination; and (ii) selecting optimal parameters
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Fig. 1: Obstetric Ultrasound Trainee dataset: In our setting, a trainee ultra-
sound operator examines different fetal and maternal anatomies by performing
a sequence of probe motions and keyboard actions. Retrospectively, an expert
sonographer observes the ultrasound video and comments on the subsequences.

on the control panel, i.e. depth, sector width, focal zones, magnification etc.
In addition to the complexity of actions, sonographers have to react to other
factors that may occur during the scan that increase the difficulty e.g., fetal
movements, acoustic shadow. Learning to scan well can take years of practice to
achieve the very high levels of proficiency needed for tasks such as fetal echocar-
diography. Even for basic skills such as fetal biometry, there is a worldwide lack
of qualified sonographers, and a scarcity of training resources, particularly in
resource-constrained environments where demand is high [20].

Current advances in Artificial Intelligence (AI) offer a great foundation for
developing tools to support trainee sonographers and to help with their learning
process. This capability is also relevant to non-ultrasound specialists who want
to develop basic ultrasound skills for simple tasks on an occasional basis (such
as a General Practitioner in a community or rural settings). Previous works
have tackled ultrasound image quality problems, such as acoustic shadow esti-
mation [10, 12, 13, 21], and more recently Point-of-Care Ultrasound (POCUS),
as acquired by non-experts, it suffers from noisy suboptimal views. Recent work
has explored language-based approaches for ultrasound captioning [1], and multi-
modal frameworks, including large language models, for report generation, visual
grounding, and summarisation [18, 14, 7, 9]. More recently, research has shifted
towards human–AI collaboration [8], with interactive systems providing real-time
feedback and guidance to sonographers during acquisition [4, 15].

In this work, we reframe ultrasound guidance around the concept of sono-
grapher learners. Rather than treating guidance as static-image interpretation,
we model it as training an AI instructor that behaves like an expert standing
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over a trainee’s shoulder. The system evaluates live scanning behavior and issues
corrective feedback when needed—e.g., “structures are unclear; increase magni-
fication and re-centre the view” or “adjust the probe to eliminate shadowing
from . . . ”. To support this vision, we construct a dedicated dataset of trainee
scanning sessions paired with retrospective expert commentary, and propose a
multimodal framework FOCUS that generates temporally grounded, actionable
feedback, shifting ultrasound AI guidance from static image analysis towards
interaction-based, context-aware instruction that mirrors real-world teaching.

We make the following contributions: (i) We introduce CorLM, a lightweight
transformer-based language module explicitly conditioned on anatomy, correc-
tive instruction, and visual embeddings. Unlike generic captioning systems, CorLM
generates clinically meaningful, anatomy-aware corrective feedback tailored to
obstetric ultrasound training. (ii) We propose a dual-head framework that dis-
entangles anatomical context from prescriptive guidance via dedicated decoders,
producing semantic embeddings that consistently ground the language genera-
tor. This design enables fine-grained visual understanding and improves the re-
liability of downstream feedback. (iii) Finally, we describe a dataset framework
of trainee sonographer videos paired with retrospective expert commentary and
introduce an embedding-based semantic detection metric to assess whether gen-
erated comments capture the intended anatomical or corrective concept. While
the dataset is private, we provide a transparent construction protocol.

2 Method

Motivation Consider a dataset {Vi, ti}, comprising video sequences acquired
during obstetric examinations, here performed by trainee sonographers, paired
with corresponding retrospective expert commentary providing corrective feed-
back. We argue that each corrective instruction (e.g., increasing gain, adjusting
magnification) is intrinsically tied to the specific anatomy, fetal or maternal, be-
ing examined. As anatomical structures differ in appearance, echotexture, depth,
and acoustic context, the visual manifestation of a required correction varies ac-
cordingly across views. To capture these dependencies, we adopt a conditioned
language module whose generative output is grounded in learned semantic rep-
resentations associated with both the corrective instruction and the underlying
anatomy. This conditioning ensures that generated feedback is context-aware,
anatomically appropriate, and aligned with expert guidance.

Visual stream The goal of this component is to provide the downstream lan-
guage module with stable anatomical and contextual cues necessary for grounded
corrective feedback. To extract semantically meaningful representations from ul-
trasound video sequences, we adopt a pretrained vision transformer (ViT)–style [5]
encoder with frozen backbone weights. Formally, given an ultrasound frame V(t)

i ,
the encoder produces a d-dimensional representation

f
(t)
V = ViT(V(t)

i ) ∈ Rd, (1)
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Fig. 2: FOCUS pipeline. We leverage retrospective expert commentary to train
CorLM, a conditioned language module that generates corrective feedback for
trainee sonographers. CorLM distills rich semantic information by attending to
anatomy embeddings fa, instruction embeddings finst, and vision embeddings
fV . Conditioned on these complementary signals, the model produces detailed,
context-aware instructive feedback to guide skill acquisition.

These embeddings are aggregated in a temporal fusion using a lightweight
pooling operator:

fV = Pool
(
f
(1)
V , . . . , f

(T )
V

)
, (2)

which captures anatomical appearance and overall image appearance.

Dual decoder head On top of the shared visual encoder, we employ a dual–
decoder design consisting of (i) an anatomy decoder and (ii) an instruction de-
coder. Each decoder receives the clip-level visual representation fV ∈ RD and
produces a semantically meaningful embedding aligned to its respective pre-
diction task. The anatomy decoder maps the visual features to an embedding
fa = MLPa(fV), which is subsequently classified into one of the annotated fetal
or maternal anatomical structures via a softmax operator. Similarly, the instruc-
tion decoder forms an embedding finst = MLPinst(fV), which is used to classify
the corrective action appropriate for the given view (e.g., adjust gain, magnify,
or re-centre the structure). This dual-headed design encourages the encoder to
learn disentangled representations of anatomy and corrective instruction, pro-
viding richer supervision and improving the grounding of generated feedback.

Conditioned language module To generate anatomically grounded and con-
textually appropriate corrective feedback, we incorporate a conditioned language
module that leverages the semantic signals extracted by the dual decoders and
the visual encoder. Let fa and finst denote the anatomy and instruction em-
beddings, respectively, and let fV denote the visual embedding produced by the
backbone. These components are fused by a lightweight multilayer perceptron:

fcond = MLPfusion([ fV , fa, finst ]) , (3)



FOCUS: Towards Fetal Obstetric Corrective UltraSound Guidance 5

which yields a compact conditioning vector that summarises the anatomical
context, the intended corrective action, and the visual characteristics of the
ultrasound clip.

This fused vector is inserted into the transformer language decoder as a con-
ditioning memory token. Formally, we treat M = fcond ∈ R1×d as the key–value
memory for all cross-attention layers within the decoder. During training, the
decoder operates in a teacher-forcing regime; it receives the ground-truth token
sequence, attends to the conditioning memory M , and predicts next-token logits
which are optimised with a cross-entropy loss. At inference time, the decoder
generates text autoregressively, producing one token at a time while continually
attending to the same conditioning vector M .

By integrating both explicit semantic embeddings and trainable memory
slots, the conditioned language module produces text that is structurally co-
herent and semantically grounded in the underlying anatomy, the corrective
instruction, and the visual appearance of the ultrasound clip.

Training objective: We adopt the cross entropy loss to train the visual module.
Given logits ŷinst and ŷa for corrective instruction and anatomy respectively:

Linst = LCE(y
gt
inst, ŷinst), La = LCE(y

gt
a , ŷa), (4)

For training the corrective feedback module, we adopt a masked language loss
where the ground-truth tokens are shifted by one position to define next-token
targets, and padding tokens are masked:

LcorLM = − 1

|M|
∑

(i,t)∈M

∑
v

qi,t(v) log pi,t(v), (5)

where M is the set of non-<pad> positions, qi,t is the smoothed target distribu-
tion, and pi,t the probability distribution over the vocabulary at timestep t.

The total objective is:

Ltotal = λinstLinst + λaLa + λcorLMLcorLM. (6)

3 Experiments

3.1 Obstetric Ultrasound Skill Dataset

We collected and annotated 7 second trimester obstetrics ultrasound exami-
nation videos with expert audio commentary. Video durations range from 20
minutes to 31 minutes, totalling 2 h 53 min 32 s, with more than 260K frames
at an imaging frame rate of 25fps. These videos were extracted from the PULSE
project [6] with ethic approval and written consent from the participants.

Expert audio commentary was provided by an experienced sonographer trainer
for each video, addressing their suggested corrections as well as the fetal anatomies
observed, as presented in Figure 1. The audio was processed in two stages. First,
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WhisperX [2] was used to transcribe the audio into text with sentence-level times-
tamps. Next, video clips corresponding to correction and anatomy commentary
were extracted by a trained researcher, with manual validation of transcripts
and clip boundaries. This produced a dataset of 324 clips, ranging from 0.042s
to 60.665s, with a variety of examined anatomies and expert suggested correc-
tions, as visualised in a mosaic plot in Figure 3. The dataset is split into 70%
for training, 10% for validation, and 20% for testing, ensuring that all correc-
tion categories are present in the validation and test sets for unbiased model
evaluation and avoiding data leakage.

The eight expert-suggested correction categories identified from the extracted
clips are described below, with explanations detailing actions that the trainee
could take to improve the quality of the image:

– "good view": when a standard plane was obtained according to guidelines.
– "poor view: deep focal depth": indicates that the trainee should decrease

focal depth.
– "poor view: high gain": indicates that the trainee should decrease the gain.
– "poor view: high magnification": indicates that the trainee should decrease

magnification.
– "poor view: low gain": indicates that the trainee should increase the gain.
– "poor view: low magnification": indicates that the trainee should increase

the magnification.
– "poor view: not center": indicates that the trainee should adjust the probe

so that the anatomy of interest moves to the center of the screen.
– "poor view: shadow": indicates presence of acoustic shadowing over the

anatomy of interest, either from fetal or maternal anatomy. The trainee
should avoid these.

(a) Word Cloud (b) Mosaic plot

Fig. 3: Distribution of dataset across instructions and fetal anatomies
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Model Instruction Anatomy Commentary

Acc P R F1 Acc P R F1 B R-L M

Ours-w/o dual 65.4 64.9 65.5 64.7 63.7 64.1 63.8 61.1 8.4 27.6 21.8
Ours-ResNet50 68.4 68.9 68.4 68.2 64.8 67.2 64.8 61.7 13.4 31.9 28.4
Ours-SwinT 64.7 67.6 61.8 63.3 74.5 74.1 71.4 70.3 10.2 28.3 24.4

Table 1: Comparison on US instruction and fetal anatomy classification, and
commentary generation metrics (RougeL [16], Bleu [19] and METEOR [3]).

3.2 Implementation details

Models were trained with a batch size of 8 on ultrasound clips of 8 frames,
sampled at one frame every five time steps. Each frame was resized to 448 ×
448 and normalised using the pretrained backbone statistics and encoded into
embeddings of dimension d = 512. We train all components end-to-end with the
Adam optimizer and an initial learning rate of 10−4. We use λinst = λcorLM = 1.0
and λa = 0.5. All experiments are conducted on a single NVIDIA Quadro RTX
5000 GPU. Text is tokenized with a custom 230-word vocabulary extracted from
the expert commentary. We use <bos>, <eos>, and <pad> special tokens.
During training, teacher forcing was applied for sequence generation.

3.3 Quantitative Results

Table 1 summarizes performance across three dimensions: (i) anatomy recog-
nition, (ii) corrective instruction classification, and (iii) the semantic quality
of generated feedback. We evaluate our architecture with two visual backbones:
ResNet50 [11] and Swin-T [17]. Interestingly, the model that achieves the strongest
performance on corrective instruction prediction (the ResNet50-based variant)
and delivers superior results on the corrective comment generation task, outper-
forming its Swin-T counterpart. This suggests that accurate instruction ground-
ing directly benefits downstream language generation quality. In addition, we
train an ablated model in which the language decoder is deprived of instruc-
tion–anatomy conditioning: “ours-w/o dual”. This results in a significant decrease
in performance showing the effectiveness of our conditioning design. A per-class
analysis of the results in Table 1 reveals performance discrepancies, likely due
to class imbalance. For instance, Ours w/o dual achieves 62.5% on Good View,
33.3% on High Gain, 22.2% on High Magnification, 81.2% on Low Magnification,
and 66.3% on Shadow.

3.4 Qualitative Results

We present qualitative test examples from our dataset in Figure 4. The model
consistently produces rich, context-aware feedback, in some cases offering ob-
servations that go beyond the original expert commentary. For instance, while
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Fig. 4: Qualitative Results. From left to right: image from ultrasound video se-
quence, Dual head predictions and ground truth, Ground truth expert feedback,
our generated corrective feedback and a template generated feedback.

the ground-truth instruction in the first example was simply to reduce the gain,
the model also identifies the presence of acoustic shadowing and, given that the
scanned structure is a fetal heart, correctly attributes it to a plausible cause
(“shadow artifact from fetal hand”). In some instances, the generated feedback
omits explicit reference to the underlying anatomy, as illustrated in the sec-
ond and third examples. This reflects the nature of the training annotations,
where the expert did not always include anatomical descriptions when they were
not considered clinically relevant for the clip. We also observe failure modes for
severely degraded inputs. In the final example, the model incorrectly predicts an
axial head view, whereas the correct anatomy is the sagittal spine. Notably, the
correct label appears among the model’s top-2 predictions (cf. template).

3.5 Limitations

Our dataset is annotated by an expert sonographer instructor, following standard
guidelines for obstetric ultrasound examinations. However, the subjective nature
of human judgment means that the expert commentary may reflect a degree of
subjectivity. For example, one expert might consider an anatomical view good,
while another expert would continue to change acquisition setting, e.g. adjusting
the gain and magnification in search of a more optimal view. While we carefully
curated our dataset to capture a variety of challenging subtasks encountered
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by sonographer trainees, its current scale and imbalance reflect the practical
challenges of obtaining expert annotations in obstetric ultrasound. Larger-scale
validation remains necessary for clinical deployment, and future work will extend
this dataset with broader expert annotations.

4 Conclusion

In this paper, we present a framework for the automated generation of correc-
tive feedback for ultrasound trainee performance during obstetric examinations.
Our approach leverages a conditioned multimodal language model to produce
anatomically grounded feedback from visual anatomical and instructional con-
text. Experimental results demonstrate that the proposed method generates
feedback closely aligned with expert commentary while remaining lightweight
and efficient. These findings highlight the potential of compact multimodal lan-
guage models to provide efficient, data-driven guidance for trainee sonographers,
supporting more effective and scalable ultrasound training.
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