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Abstract

Recent works in the fields of computer vision
and natural language processing have enabled
the recognition and identification of objects in
images, generating automatic descriptions. De-
spite these advancements, the main research
in this field is primarily related to the English
language, requiring some adaptation when deal-
ing with other languages, such as Portuguese.
One of these methods is the translate-train ap-
proach, which involves translating the training
dataset into the desired language. However,
there are various translators with different lev-
els of effectiveness available. The primary ob-
jective of this work is to evaluate the behavior
of image captioning models when trained on
datasets translated into Portuguese by different
automatic translators, both quantitatively (cost,
training time, metrics on the test set) and qual-
itatively (comparative evaluation form, error
analysis). The results indicate that it is possible
to obtain valid automatic descriptions in Por-
tuguese from image captioning models trained
on translated datasets, and that more robust
translators produce more meaningful descrip-
tions.

1 Introduction

The human capacity to observe the external world
and to communicate such observations to others in-
cluding the ability to articulate what is perceived is
an intrinsic and routine aspect of human cognition.
However, replicating these behaviors in computa-
tional systems remains a substantive challenge, as
it presupposes sophisticated integration of methods
from both Natural Language Processing (NLP) and
Computer Vision (El-Komy et al., 2022).

NLP encompasses a broad set of theoretical
frameworks and computational techniques de-
signed to analyze, interpret, and represent naturally
produced linguistic expressions. These methods
aim, either implicitly or explicitly, to approximate
the cognitive processes underlying human language

understanding across diverse tasks and applications
(Liddy, 2001). Computer Vision, conversely, is pri-
marily concerned with endowing machines with the
capacity to perceive, interpret, and reason about vi-
sual stimuli in a manner analogous to human visual
cognition (EI-Komy et al., 2022).

Both domains necessarily involve evaluative and
interpretative mechanisms: NLP requires systems
to infer meaning, structure, and context from text,
while Computer Vision demands the recognition
of three-dimensional form, spatial configuration,
and the visual appearance of objects in images
(Szeliski, 2010). Consequently, the intersection
of these fields reflects a broader endeavor to com-
putationally model complex human perceptual and
communicative competencies.

Recent demands for the joint interpretation of
both images and text have led to sustained inter-
action between these two research areas, fostering
the development of methods capable of address-
ing such multimodal needs (Bernardi et al., 2016).
Among the various tasks that emerge from this in-
tersection is image captioning (IC), which enables
the automatic generation of textual descriptions for
images, including those present in videos or online
posts, thereby providing increased accessibility for
individuals with visual impairments (dos Santos
et al., 2023).

Despite the significant progress achieved in IC,
much of the existing research remains predomi-
nantly focused on the English language as stated
by (Gondim et al., 2025). Only a limited number
of studies address Portuguese, and most available
techniques and models are originally developed
for English. One strategy to mitigate this limita-
tion is the application of adaptation techniques to
existing methods, such as translate-train, which
consists of translating the training dataset and sub-
sequently training a model specifically tailored to
the target language; zero-shot, which leverages the
abundance of datasets and models in a source lan-
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guage to make predictions in a target language; and
translate-infer, in which inferences are generated
in the source language and later translated into the
target language (Artetxe et al., 2020; Rosa et al.,
2021).

Given the requirement for a multilingual base
model, the zero-shot approach was excluded, and
the translate-infer strategy was also disregarded
due to its ongoing computational cost, since trans-
lation occurs directly during inference. By con-
trast, translate-train entails a finite cost (Rosa et al.,
2021) and has demonstrated promising results in
the field of image captioning (Vishnu Kumar and
Lalithamani, 2022), and was therefore adopted in
the present study.

Alternative architectural strategies can also be
considered in multilingual image captioning sys-
tems. For example, captions may be generated in
the source language and translated only at infer-
ence time (translate-infer), multilingual captioning
models may be trained directly on mixed-language
datasets, or multiple translated versions of the train-
ing corpus may be combined to mitigate translator-
specific artifacts. The translate-train approach was
selected in this study due to its simpler implemen-
tation and its finite computational cost compared
with alternatives that require translation during in-
ference.

Building upon the translate-train technique as a
foundational approach, the present study aims to
compare both free (LibreTranslate Groq) and paid
(Google Cloud Translation) machine translation
systems that support translation into Portuguese.
Accordingly, the primary objective of this work
is to assess how a model trained on a translated
version of the Flickr30k dataset into Portuguese
is affected in terms of the captions it generates.
The analysis involves identifying monetary cost,
translation time, caption quality, and performance
metrics on the test set, with the goal of determin-
ing the strengths and limitations of each translation
method and the key factors to consider when em-
ploying them within a translate-train workflow.

Based on the criteria established in this eval-
uation, it was observed that translating a dataset
from English to Portuguese using different transla-
tion systems results in distinct corpora, each yield-
ing models capable of producing valid inferences.
These findings suggest that translate-train is a vi-
able technique for the image captioning task and
that the effort invested in dataset translation directly
influences the quality of the resulting inferences.

To the best of our knowledge, this is the first study
to conduct a translation-focused evaluation within
the context of image captioning.

This article is organized as follows. Section 2
presents the related work; Section 3 details the
methodology; Section 4 describes the experiments
performed; Section 5 reports the results; Section 6
provides a discussion; and Section 7 concludes the

paper.
2 Related Works

This section introduces related work in the field of
image captioning, categorized according to dataset
translation, the development of IC models for Por-
tuguese, and the comparison of multilingual IC
methods.

Regarding the translation of datasets for train-
ing image captioning models, the authors of
(Vishnu Kumar and Lalithamani, 2022) employ,
in one of their methods, a dataset translated from
English into Tamil using the Google Translate API,
and highlight the promising potential of generat-
ing models from translated datasets. They note
that, despite obtaining relatively low metric scores,
the model produced through this method was still
capable of capturing meaningful details in images.

With respect to the development of Portuguese
image captioning models using translated datasets,
the authors of (Gondim et al., 2025) propose the
construction of a Portuguese-translated version of
the Flickr8k dataset using LibreTranslate. They
apply a custom architecture combining an attention
model, a transformer, and a classifier to generate
a Portuguese IC model. For evaluation, they em-
ploy the METEOR (Lavie and Agarwal, 2007) and
BLEU (Papineni et al., 2002) metrics, human as-
sessment, and a comparison of results with a model
trained on the original dataset.

Concerning the comparative effectiveness of
transfer learning methods, the studies presented
in (Rosa et al., 2021) and (Artetxe et al., 2020) pri-
marily focused on the task of question answering
analyze the performance (in terms of metrics) of
each method relative to the others, as well as the
associated costs. Their findings indicate that, for
the translate-train approach, differences arise de-
pending on whether translations are produced by
commercial or open-source systems (Rosa et al.,
2021). They further observe that translations in-
troduce unintentional artifacts that warrant more
careful examination (Artetxe et al., 2020).
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In contrast to these approaches, the present work
proposes to evaluate different machine translation
systems in the construction of Portuguese datasets
derived from Flicker30k, as well as the quality
of the sentences generated by models trained on
these respective datasets. Similar to (Vishnu Kumar
and Lalithamani, 2022), translations are performed
from English into another language—Portuguese,
in this case. Unlike (Gondim et al., 2022), no modi-
fications are made to the underlying image caption-
ing system; instead, adaptations are restricted to
the data input, with a broader variety of translation
tools being examined. This study is specifically
designed for the image captioning task, which ex-
hibits characteristics distinct from those of question
answering (Rosa et al., 2021)(Artetxe et al., 2020).

3 The process of generating sentences in
Portuguese through translation

The process of generating Portuguese sentences
through translation, corresponding to the image de-
scriptions, comprises several stages illustrated in
Figure 1. It begins with the dataset to be translated
in this study, the Flicker30k dataset. Subsequently,
the workflow of the translation algorithm is de-
scribed for the three translation systems considered
(LibreTranslate, Groq, and Google Cloud Trans-
lation). The next stage details the model selected
for the experiments (AoANet (Huang et al., 2019)),
followed by the presentation of the models trained
on each of the translated datasets.

3.1 Dataset - Flickr30k (Young et al., 2014)

The dataset used in this study is Flickr30k (Young
et al., 2014), a collection comprising 31,783 im-
ages depicting everyday activities (sourced from
the Flickr platform) and 158,915 captions (five per
image) obtained through collaborative annotation.
The key characteristics of this dataset include its
relatively large size, diversity, and its widespread
use as a baseline dataset particularly in its smaller
version, employed in (Gatt and Krahmer, 2018).
Moreover, it is fully compatible with the AoANet
architecture adopted in this work.

The preprocessing stage consisted of translat-
ing Flickr30k from English into Portuguese using
the previously mentioned translation systems. The
translation was carried out automatically through
Python-based algorithms, which are illustrated
through the corresponding flowchart.

3.2 Flowchart of the Translation Algorithm

The translation flowchart is based on an algorithm
that operates independently of the translation ser-
vice selected. The output structure corresponds
to a JSON file containing a layout similar to the
original Flickr30k dataset, but with all captions al-
ready translated. The translation pipeline can be
described through the process illustrated in Figure
2.

This flowchart also defines a control file that
records which sentences have been translated, en-
suring a checkpoint mechanism in case the transla-
tion process is interrupted.

3.3 AoANet — Model Architecture for Image
Captioning

The baseline architecture used for generating mod-
els responsible for producing image captions was
the Attention on Attention (AoANet) (Huang et al.,
2019). This architecture enhances existing atten-
tion mechanisms by performing the attention oper-
ation a second time, in order to measure the rele-
vance of the attention context produced in the initial
pass. The choice of AoANet was motivated by its
performance metrics on the MS COCO (Lin et al.,
2014) test set and by the availability of the authors’
implementation.

3.4 Automatics Translators

The three translators were selected based on dis-
tinct criteria to enable a more comprehensive anal-
ysis of the generated sentences. LibreTranslate!,
which is built upon the OpenNMT model (Klein
et al., 2017), supports English—Portuguese trans-
lation, offers a self-hosted API, and has previ-
ously been employed in image captioning research
(Gondim et al., 2025). Groq2 was included because
it provides translation capabilities through various
Large Language Models (LLMs). In this study,
the model selected for Groq was llama3-8b-8192,
chosen for the quality of its outputs and its high
token throughput (30,000 tokens per minute). Fi-
nally, the Google Cloud Translation API (Google,
2008), a commercial translator provided by Google,
performs text translation via an API and is priced
according to the number of characters sent. It is one
of the most established automatic translation tools
available. The Google model used corresponds to
a Neural Machine Translation (NMT) system (Wu

'www.libretranslate.com

2www.grog.com
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etal., 2016).

Specific characteristics of the translation meth-
ods. Certain characteristics were defined for each
translation method: both LibreTranslate and Cloud
Translation follow a similar procedure in which
sentences are submitted to the translator’s API and
the corresponding translated outputs are retrieved.
Groq (Groq, 2016), in contrast, operates as an LLM
and therefore requires the use of a prompt.

4 Experiments

Before conducting the experiments proposed in
this study, the AoANet model (Huang et al., 2019)
was reproduced using the Flickr30k dataset (Young
et al., 2014) in English in order to obtain a base-
line under identical hyperparameter settings. The
features used were the same pre-extracted bottom-
up features, which are more lightweight and re-
quire less storage than those extracted with ResNet
(He et al., 2016). Training was performed for 15
epochs on one of the Google Colab Pro environ-

ments, equipped with 64 GB of RAM and L4 GPUs.
Access to Google Colab Pro was made available
for the experiment.

The experiments conducted with the three mod-
els generated in Portuguese followed exactly the
same hyperparameters used for the English base-
line, differing only in the translated datasets pro-
duced by each translation method. For financial
reasons, the models were not trained until full con-
vergence, as the computational cost required to do
so was prohibitively high. Two categories of exper-
iments were designed in this study: a quantitative
evaluation, which includes translation cost, transla-
tion time, and standard captioning metrics; and a
qualitative evaluation, based on human assessment
of caption quality through an evaluation form, as
illustrated in Figure 3.
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Which caption best fits the following image?

O A group of people walk through an open-air market

O A group of people is standing outside a market
O A group of people is at an open-air market

O No sentence partially or fully describes the image

Figure 3: Illustration of a question included in the eval-
uation form

4.1 Experiment 1 — Quantitative Analysis

The quantitative analysis employed standard evalu-
ation metrics commonly used in the validation of
image captioning models and also supported by the
AoANet implementation: BLEU (Papineni et al.,
2002), METEOR (Lavie and Agarwal, 2007), and
CIDEr (Vedantam et al., 2014). These metrics were
calculated on the Flickr30k test set. Additional
quantitative factors recorded included the mone-
tary cost of translation and the total time required
to translate the dataset.

4.2 Experiment 2 — Qualitative Analysis

The qualitative analysis is conducted through a sur-
vey designed to evaluate the semantic accuracy of
the captions generated by the Portuguese image
captioning models. Each question presented an
image from the test set together with multiple cap-
tions automatically produced by models trained on
datasets translated using different machine transla-
tion systems.

A total of 30 images were randomly selected us-
ing a Python algorithm to be included in the survey.

This procedure prevented the manual selection of
only favorable examples and ensured a more repre-
sentative sample of the model outputs. In addition,
the order of the answer choices was automatically
randomized to avoid positional bias during the se-
lection process.

Annotators are asked to identify which sentence
best described the presented image. To capture
cases in which the generated captions failed to rep-
resent the visual content, an additional response
option was included in each question:

* None of the sentences partially or fully de-
scribe the image;

* Evaluators were instructed to rely on their own
judgment regarding the semantic correspon-
dence between the captions and the image
when selecting their answers.

The collected responses are aggregated using
a scoring scheme in which the caption most fre-
quently selected by the evaluators for each image
received one point for the translation system re-
sponsible for generating that description. In cases
where both Google and Groq produced identical
captions that are jointly selected as the most appro-
priate description, both systems received a point
simultaneously.

Two scoring schemes are considered: one includ-
ing all evaluated images, even when the majority
of evaluators indicated that none of the captions
are adequate, and another restricted to images for
which the majority of evaluators identified at least
one caption as partially or fully compliant with the
visual content.

The survey are implemented using Google
Forms, responses were collected anonymously, and
the questionnaire are distributed through messaging
applications.

5 Results

5.1 Quantitative Analysis

The metrics selected for this experiment were ME-
TEOR, BLEU (only BLEU-13), and CIDEr. The
results for the Portuguese models and the English
baseline model are presented in Table 1.
Regarding translation costs for the dataset, nei-
ther LibreTranslate nor Groq incurs a direct finan-

SResults for BLEU-2, BLEU-3, and BLEU-4 presented
negative exponentiation and were therefore considered irrele-
vant
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Table 1: Test set metrics and translation time

Model BLEU | METEOR | CIDEr | Time

English 0.383 | 0.09 0.056 | Not applicable
Google Cloud | 0.007 | 0.03 0 5h 40m

Groq 0.009 | 0.03 0 24h
LibreTranslate | 0.036 | 0.09 0 8h 30m

cial cost; however, both require computational re-
sources and the corresponding energy consumption
for running the translation algorithms. In the case
of Groq, because it is a third-party hosted service,
there are no usage charges, although request limits
apply. LibreTranslate, by contrast, must be exe-
cuted locally and imposes no usage limits. Google
Cloud Translation, on the other hand, has a cost
associated with its NMT-based model. It is free
provided that a Google Cloud subscription is active
for up to 500,000 characters per month, with an
additional cost of 20 USD per million characters
beyond this limit. Translating Flickr30k required
approximately 9.7 million characters, resulting in
an approximate cost of 180 USD.

Translation time varies considerably, as shown
in Table 1. The 24 hours runtime required for Groq
was distributed over three days due to daily request
limits.

5.2 Qualitative Analysis

The survey received a total of 88 anonymous re-
sponses. With respect to the conformity of the
automated descriptions for the 30 images, 56.7%
(17) of the images had at least one sentence that,
according to the evaluators, described them, while
43.3% (13) did not. In the cases where the majority
selected non-conformity, there was no unanimity
in choosing the option “None of the sentences par-
tially or fully describes the image”. Thus, at least
one evaluator considered one of the captions to be
partially or fully aligned with the image (Figure 4

Regarding the scoring of the translation tools,
Google Cloud Translation emerged as the most
frequently selected option, regardless of caption
conformity, with a score of 16, followed by Groq
with 9 and LibreTranslate with 7 as depicted in
Figure 5. The total exceeds 30 because, in two of
the three cases where Google and Groq produced
identical translations, the corresponding caption
was the most frequently chosen.

Considering only the cases in which the majority
of evaluators selected at least one sentence that

[ Non compliance

Figure 4: Distribution of caption-to-image conformity

I Partial or total compliance

Quantity of images
.a
5

o

15. I
0 . .

Google Cloud Groq LibreTranslate

Figure 5: Translator scores (independent of caption
conformity)

partially or fully described the image, the ordering
remains the same, but the scores change to 10, 6,
and 3, respectively. Again, the total exceeds 17 due
to the previously mentioned overlap, as depicted in
Figure 6.

6 Discussion

6.1 Quantitative and Qualitative Aspects

The first quantitative aspect to be examined con-
cerns the financial constraints, which prevented the
models from being trained until loss stabilization
due to the high training cost. Nevertheless, the

365



15

Quantity of images
5

@

Google Cloud Grog LibreTranslate

Figure 6: Translator scores (dependent on caption con-
formity)

generated sentences enabled the analyses described
in this work. In this regard, the Portuguese mod-
els diverge from the English baseline in terms of
BLEU and CIDEr metrics, although LibreTranslate
achieved a comparable performance for METEOR.
Future work aims to evaluate the tokenizer, as this
study adopted the Stanford PTB Tokenizer, the de-
fault in AoANet.

When comparing the quantitative results, the
metric values alone are insufficient to determine
the best translator, requiring the assessment of ad-
ditional factors. In this context, Google Cloud in-
curs the highest monetary translation cost, approx-
imately 180 USD, whereas the other tools do not
involve any financial cost. Regarding translation
time, Google Cloud presents the shortest duration,
approximately 5 hours and 40 minutes, followed by
LibreTranslate with 8 hours and 30 minutes, and
Groq with 24 hours—the longest processing time,
which must be split across at least three days due
to platform limitations.

Considering the qualitative aspects, the models
are able to produce satisfactory captions for 56%
of the test sample and generate at least one caption
deemed partially or fully compliant in 100% of the
cases. Google Cloud Translation emerges as the
most effective automatic translation option, outper-
forming the others by 7 points when all images
are considered, and by 4 points in cases where the
majority of evaluators agreed on the conformity
between captions and images.

6.2 Limitations

The Portuguese models are trained using the same
hyperparameters adopted for the English baseline

in order to ensure comparability across experi-
ments. However, these hyperparameters are origi-
nally designed for English datasets and may not be
optimal for Portuguese. Languages exhibit distinct
linguistic properties, including morphology, verbal
inflection, average sentence length, and grammat-
ical marking of gender and number, which may
influence tokenization, sequence length, and the
distribution of words. Consequently, alternative hy-
perparameter configurations specifically tuned for
Portuguese can potentially lead to improved per-
formance. Due to computational constraints and
the cost associated with training the models, hy-
perparameter optimization for Portuguese are not
performed in this study.

Because this experiment relied on human evalu-
ation, and the evaluators were instructed to adopt
their own assessment criteria, evaluation bias is in-
herently present and may have influenced cases in
which the majority indicated non-conformity while
a small number of evaluators chose to mark a cap-
tion as acceptable. Furthermore, since the survey
was distributed exclusively among evaluators resid-
ing in Brazil and fluent in Brazilian Portuguese, the
linguistic proximity of the captions to the variety
of Portuguese spoken by these evaluators may have
biased decisions in favor of the LLM or Google
Cloud, both of which produced captions that more
closely resemble Brazilian Portuguese than Euro-
pean Portuguese, which is the variety reflected in
LibreTranslate.

An example of this latter point can be observed
in the evaluation of image identifier 222, in which
most evaluators selected the caption that was more
aligned with Brazilian Portuguese, even though
both captions conveyed the same meaning. The
corresponding responses can be seen in Figure 7.

I two men are play volleyball on the beach
two men are playing volleyball on the beach

Figure 7: Result for the image labeled 222
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6.3 Ethical considerations

Additional relevant factors concern the ethical as-
pects inherent in this experiment. The use of the
Flickr30k dataset is, by itself, legitimate due to its
stated policies permitting research use. Neverthe-
less, the creators of Flickr30k warn that the images
used to construct the dataset remain subject to the
terms and conditions of the Flickr platform. As
such, the dataset authors do not hold the rights to
the images, which could potentially raise concerns
regarding image rights and copyright. Concerning
the choice of Flickr30k, despite other IC datasets
have emerged as a native Portuguese dataset, i.e.
PraCegoVer (Santos et al., 2021), it still has some
limitations for IC task: only one reference to each
image and both mean and variance of the reference
sentence length are significantly greater than those
of IC datasets. Thus, we used Flickr30k as either
was the most employed for IC tasks.

7 Conclusion and Future Work

This study evaluates different automatic transla-
tors for Portuguese in the task of image caption-
ing. Both quantitative and qualitative experiments
were conducted. Monetary cost and computational
power may influence decisions regarding which
translation systems to adopt. As part of this work,
the authors will make available on the GitHub plat-
form the Flickr30k dataset translated by the three
translation systems used, as well as the transla-
tion algorithms and the AoANet implementation
adapted for execution on Flickr30k. A Google
Colab notebook containing all the necessary in-
structions for training and validation will also be
provided.

Future work includes developing more robust
models using the same datasets, re-evaluating the
captions and metrics under these improved condi-
tions, incorporating a morphosyntactic analysis of
the sentences generated by each model, and iden-
tifying or defining a more representative metric
for the automatic evaluation of image captioning
models in Portuguese.
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