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ABSTRACT

We propose a curriculum learning captioning method to
caption fetal ultrasound images by training a model to dy-
namically transition between two different modalities (image
and text) as training progresses. Specifically, we propose
a course-focused dual curriculum method, where a course
is training with a curriculum based on only one of the two
modalities involved in image captioning. We compare two
configurations of the course-focused dual curriculum; an
image-first course-focused dual curriculum which prepares
the early training batches primarily on the complexity of
the image information before slowly introducing an order of
batches for training based on the complexity of the text infor-
mation, and a text-first course-focused dual curriculum which
operates in reverse. The evaluation results show that dy-
namically transitioning between text and images over epochs
of training improves results when compared to the scenario
where both modalities are considered in equal measure in
every epoch.

Index Terms— Image captioning, curriculum learning,
fetal ultrasound, image description, meta-learning

1. INTRODUCTION

Fetal ultrasound (US) image captioning is the process of gen-
erating text that describes the content of a fetal ultrasound
image. It shares some similarities with the more established
natural image captioning [1] but is typically characterized by
small dataset size and a lack of corresponding textual descrip-
tions describing the content of the images. A limited num-
ber of expert annotators available for the formulation of good
quality captions makes it hard to undertake large-scale anno-
tation processes as typically used in natural image captioning
[2]. This points to the need for solutions for medical imaging
tasks that involve natural language processing to efficiently
utilize smaller-scale data.

Fetal ultrasound image interpretation is a very challeng-
ing task. From a clinical point of view, being able to automat-
ically caption ultrasound videos may benefit trainees learning
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how to scan. Trainees often watch ultrasound videos offline;
however, these are rarely captioned. Addressing this phe-
nomenon is potentially the real clinical use of the techniques
and approaches that we propose in this paper.

Previous work [3] addressed this problem using a dual
curriculum by ranking data points according to their entropy
in the image and text modalities and summing their contribu-
tions equally to create a new overall ranking. In this paper, we
explore a natural extension of using a linear combination of
the complexity metrics of a single multi-modal data sample.
This means that rather than assuming that both metrics con-
tribute equally to the arrangement and ordering of batches in
every epoch, one of the complexity metrics is more influential
than the other in a given epoch.

The modalities are clearly different and complementary,
and one may be more challenging (e.g. data samples deviate
greatly from the mean) to learn by the network than the other.
The aim of this work is to quantitatively determine the best
weighting combination and explore the advantages, or other-
wise, of doing this. It answers the question: Would unequal
weighting be beneficial? To the best of our knowledge, this is
the first work to investigate training image captioning models
with different curricula built during each epoch with a chang-
ing weighting for each modality.

1.1. Related Work

Image captioning is made possible through either text re-
trieval or text generation [1, 4]. Retrieval is when a pre-
existing caption (or a combination of captions) is retrieved
from the training dataset and associated with a new unseen
image [5]. The caption chosen is decided by first determin-
ing which of the images in the training set have the highest
similarity scores with the unseen image in question.

Generation, as its name suggests, is the process whereby
captions are generated. These generated descriptions might
not exist in the training set, but the vocabulary used will come
from words encountered in the training set [6].

In [7], a teacher network is used to specify to a stu-
dent network what sub-task to work on first in a curriculum
learning framework that consists of teacher-student networks.
Curriculum learning has found its way into medical imag-



ing as researchers have adopted it to overcome limitations in
class imbalance [8] and issues caused by data that is weakly-
labelled [9].

In [6], a fundamental approach to captioning ultrasound
images with curriculum learning was considered. In the cur-
rent work, we take this further, by having unequal influence
on the two modality-specific metrics that together constitute
the previously introduced dual curriculum. Each metric rep-
resents the inherent complexity of one of the two modalities
present in image captioning.

2. METHODS

The dual curriculum ranks the data samples in the training set
according to the sum of two metrics H1 and H2 in an effort
to determine the inherent complexity in a multi-modal sam-
ple. Each data sample consists of two elements, an image and
a corresponding text caption. H1 is the complexity that the
image possesses in relation to the mean using the Wasserstein
distance as shown in Eqn. 1:

H1 = inf
π∈Γ(x̂n,û)

∫
R×R

|m− n|dπ(m,n) (1)

where Γ represents the collection of all measures on anR×R
space over all joint distributions of the random variables m
and n with the softmaxed distributions of the image features
x̂n and the mean of the image features û serving as marginals.

H2 is the complexity that the caption possesses repre-
sented through the tf-idf (term-frequency inverse-document
frequency) scores of its constituent words [10] in Eqn. 2:

H2 =
∑
w

#(w ∈ c)
ΣwWi #(wi ∈ c)

ln
#(c ∈ C)

#(c if w ∈ c)
(2)

where #() is a count function that counts the number of times
a word w is repeated in a caption c which is made up of all
its constituent words W . c is only one caption of all cap-
tions C that exist in the training dataset. The tf-idf score pro-
vides a measure of the meaningfulness that a word possesses.
For each caption, the tf-idf scores of its constituent words are
summed, allowing us to incorporate the length of a caption
into its complexity. After summation, the data samples are
ordered for training such that the data samples with the low-
est summed scores start the curriculum and constitute the bulk
of the earlier batches. In this work, curriculum learning, as in
[3], attempts to alleviate the dependence of the results on the
specifics and the hyperparameters of the model being trained
and depend instead on the intrinsic nature of the data and its
complexity as explained earlier.

The vanilla dual curriculum sums the two complexity met-
rics after min-max normalisation as shown in Eqn. 3 where s
is one data sample:

ddc =
H1s −min(H1)

max(H1)−min(H1)
+

H2s −min(H2)

max(H2)−min(H2)
(3)

Each data sample has its own ddc score, and the curriculum is
ordered such that the earlier batches consist of data samples
with the lowest ddc scores.

This paper investigates unequal weighting of the two
‘courses’ (image and text) in the curriculum. Specifically,
we explore two variants of the course-focused dual curricu-
lum (CF-DC); an image-first course-focused dual curriculum
(I1-CF-DC) and a text-first course-focused dual curriculum
(T1-CF-DC). The equation for the CF-DC is shown in Eqn.
4:

dcf = w1
H1s −min(H1)

max(H1)−min(H1)
+w2

H2s −min(H2)

max(H2)−min(H2)
(4)

In I1-CF-DC, w1 starts at 1.0 and proceeds to decrease
linearly per epoch to a value of 0.0, while w2 starts at
0.0 and proceeds to increase at the same rate. Effectively,
w1(Epoch = 0) = 1.0 and w1(Epoch = N) = 0.0 where
N is the final epoch with w2 = |1 − w1| throughout. With
T1-CF-DC, it is the other way around. In the T1-CF-DC
approach, we start with placing a higher emphasis on the
complexity metric of the text information rather than that of
the image information. So, w1 starts at 0.0, and w2 starts
at 1.0, and then, the weights linearly increase and decrease
respectively by a factor of 0.1 after a run through the cur-
riculum. This process continues until the final run of the
curriculum where w1 would be 1.0 and w2 would be 0.0.

Unlike the vanilla dual curriculum, a course-focused dual
curriculum is effectively a meta-curriculum, a hierarchical
curriculum that prepares and orders different curricula for
model training first based on the weighting associated with a
modality (w1 and w2) and then based on the complexity of
the data samples according to H1 and H2.

Another way to update w1 and w2 is to evaluate the model
with the validation set after every curriculum iteration and
to observe whether the model has scored better with syntax-
focused metrics (B1 [11], RL [12], GB[13]) or semantics-
focused metrics (ARS [6], F1). w1 is decreased and w2 is in-
creased if semantics-focused metrics are higher than syntax-
focused metrics or vice-versa. This is similar to the approach
followed in [14] where performance on the validation set is
used to guide the automatic creation of a curriculum.

2.1. Image Captioning Model Architecture

Fig. 1 shows the image captioning model that is used in
this work which is the late merge captioning model used in
[3, 6]. It consists of two branches. The right branch handles
the image information and consists of a fine-tuned VGG-16
and fully-connected layers. The left branch embeds each to-
kenised word with a Word2vec embedding vector before pass-
ing it through a recurrent neural network. A flat feature vector
from each branch is concatenated together and a prediction
for the next word in the sequence is made based on the con-
catenated output.



Fig. 1. The image captioning model. ‘max length’ represents the maximum number of words in a caption.

3. EXPERIMENTS

3.1. Dataset and Data Preparation

As part of the PULSE study [15], information from full-
length fetal ultrasound scans are acquired including ultra-
sound video and audio data. The audio data had been tran-
scribed into text [6] from ten audio-video sequences of which
image-caption pairs are prepared. Those ten audio-videos
have a mean duration lasting 37 minutes.

Data from seven of the ten videos were used for training.
Two of the ten served as a validation set, and the tenth video
was the test set. This arrangement gave us 12,808 image-
caption pairs to train and validate models on and 9,979 image-
caption pairs for model testing. This tenth video that we have
reserved as the test set is almost twice as long as most of the
videos that went into the training set. Its large number of
available image-caption pairs made it suitable to be the one
video set aside for testing.

Pre-processing of the data samples included cropping the
images to remove the US system’s GUI, resizing the US im-
ages to 224×224 pixels as VGG16 expects, removing punc-
tuation from the captions, and converting uppercase letters to
lowercase.

Table 1. Quantitative Results
Syntax-Focused Semantics-Focused

Metric B1 RL GB↓ ARS F1
NC 0.18 0.37 — 0.23 0.77
DC [1] 0.12 0.42 1.60 0.43 0.97
I1-CF-DC 0.34 0.49 0.89 0.39 0.96
T1-CF-DC 0.30 0.46 1.01 0.43 0.97

4. RESULTS AND DISCUSSION

Table 1 compares the results of CF-DC trained models intro-
duced in this paper with the results of a DC trained model
and a traditionally trained model (NC for no curriculum) [3].
Table 1 shows that one approach (I1-CF-DC) performs better
with respect to metrics focused on evaluating sentence qual-
ity or the syntax (B1, RL, GB), and one (DC) is better with
respect to metrics that deal with semantics and anatomic rel-
evance (ARS, F1). However, T1-CF-DC has similar perfor-
mance metric scores to DC on the semantics-focused metrics
while improving scores on the syntax-focused metrics.

The question that arises is why T1-CF-DC is the best per-
forming method. In the vanilla dual curriculum (DC) where
w1 and w2 both have fixed values of 1.0 throughout training,



we are effectively trying to merge two different curricula to-
gether. There is nothing to guarantee that one curriculum is
not interfering with another’s progress. There might be in-
stances of forgetting as described in [7]. In I1-CF-DC, the
earlier focus on the image-associated complexity metric when
assigning a dual curriculum score to a data sample loses its
effect. The more complex and widely varied information in
the text makes it more likely to forget what the model has
learned from first primarily learning from the image-focused
early part of the curriculum.

However, for T1-CF-DC, the data samples that are first
encountered are primarily determined based on how ‘easy’
or ‘hard’ they are on the text-associated complexity metric.
There was less forgetting that had to happen when later deal-
ing with the image-focused part of the curriculum. The rea-
sons for this are twofold. There is a greater variety and there-
fore complexity in the text information. We can imagine that
a captioning model is effectively an image classifier with four
possible classes connected with a language model that has
hundreds of possible ‘classes’ that it needs to learn, each as-
sociated with a single word in the training vocabulary. The
second reason is the fact that even when dealing with easy ex-
amples according to the text complexity metric, the model is
still learning the image-based semantics through the anatom-
ical vocabulary. The words of the vocabulary carry seman-
tic meaning relevant to the image information while the op-
posite (learning the image information doesn’t lead to learn-
ing the words) does not necessarily hold. These two reasons
explain why the T1-CF-DC trained model had the most bal-
anced scores across the different metrics.

B1 (or BLEU-1) [11] and RL (ROUGE-L) [12] are met-
rics commonly used when evaluating image captioning mod-
els. They look at the overlap in words between generated cap-
tions and the ground truth. GB (GrammarBot) [13] is an API
that we have used to determine the number of grammatical
mistakes that may occur on average in a generated caption.

Table 2 compares the performance of course-focused dual
curricula on complex data. A complex data sample in an im-
age captioning problem is an image-caption pair with an im-
age feature vector that is at a high Wasserstein distance from
the mean of the image feature vectors and a caption that is
long (in terms of number of words) and consists of more in-
frequent words as determined by the tf-idf scores. To prepare
this table, we took the test set, ranked each data sample by its
complexity, and took the more complex half of the test set to
evaluate on. Effectively, the same phenomenon observed in
the previous experiment holds true here as well with I1-CF-
DC performing better with syntax-focused metrics while T1-
CF-DC performing better with semantics-focused metrics.

5. CONCLUSION AND FUTURE WORK

In this work, we have explored variants of the dual curriculum
for fetal image captioning. A text-first course-focused dual

Fig. 2. Qualitative results for an abdomen image. GT is for
‘Ground Truth’. This is the caption that was provided by the
sonographer directly. DC is for ‘Dual Curriculum’. This is
the caption that was generated by a model that was trained
with a dual curriculum. I1-CF-DC is for ‘Image-First Course-
Focused Dual Curriculum’. This is the caption that was gen-
erated by a model that was trained with an I1-CF-DC. T1-CF-
DC is for ‘Text-First Course-Focused Dual Curriculum’. This
is the caption that was generated by a model that was trained
with a T1-CF-DC.

Fig. 3. Qualitative results for a heart image. GT is for
‘Ground Truth’. This is the caption that was provided by
the sonographer directly. The full forms of ‘DC’,‘I1-CF-DC’,
‘T1-CF-DC’ can be found in the caption of Fig. 2.

Table 2. Comparing CF-DCs on Complex Data
Syntax-Focused Semantics-Focused

Metric B1 RL GB↓ ARS F1
I1-CF-DC 0.38 0.47 0.56 0.40 0.96
T1-CF-DC 0.33 0.43 0.88 0.42 0.97

curriculum was found to perform best. In the future, we will
investigate whether this conclusion holds true for the temporal
equivalent of video clip captioning.
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