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Abstract

In recent decades, multimodal models such as CLIP have achieved significant advances in associating images and
texts. However, most of these advances come from models trained almost exclusively in English, which limits their
effectiveness in other languages. This challenge is particularly relevant for Brazilian Portuguese, a language that still
lacks dedicated multimodal resources and relies predominantly on automatic translations. This work investigates the
performance of CLIP-based multimodal models in the task of associating images and descriptions written in Brazilian
Portuguese. The analysis begins with a zero-shot scenario, in which different CLIP variants are directly evaluated
on the FM30k dataset, composed of images and captions originally written in Portuguese. We also conducted an
additional experiment with automatic translations to examine the impact of language on cross-modal retrieval tasks.
Subsequently, fine-tuning is performed on the ViT-B/32 model’s textual encoder, keeping the visual encoder frozen,
to adapt the model to the target language. The results show that models originally trained in English perform worse
in Portuguese, while linguistically adapted variants, either multilingual or Portuguese-specific, achieve superior
performance. The proposed fine-tuning approach reduced this performance gap, resulting in notable improvements.
In the image-to-text scenario, the model achieved an absolute increase of 27.65 percentage points in the Accuracy@1
metric, representing a 209% relative gain over the original CLIP ViT-B/32. In the text-to-image scenario, the gain

was 15.47 percentage points, resulting in an even greater 385% relative improvement and contributing to a more

balanced association between images and captions.

Keywords: Multimodal Models, CLIP, Brazilian Portuguese, Image Text Retrieval

1. Introduction

In recent decades, significant advances in Machine
Learning and Computer Vision have enabled the
development of models capable of processing and
integrating multiple data modalities, such as im-
ages and text (BaltruSaitis et al., 2017). In this
context, multimodal models have become essen-
tial for tasks such as information retrieval (Radford
etal., 2021), automatic caption generation (Xu et al.,
2016) and feature extraction (Vinicius Todescato
and Luis Carbonera, 2024). This evolution reflects
a fundamental premise: “Our experience of the
world is multimodal — we see objects, hear sounds,
feel textures, smell odors, and taste flavors. In or-
der for Artificial Intelligence to make progress in
understanding the world around us, it needs to be
able to interpret such multimodal signals together.”
(Baltru&aitis et al., 2017)

Among the proposed models, CLIP (Contrastive
Language—Image Pretraining) (Radford et al.,
2021), developed by OpenAl, stands out for its
ability to align visual and textual representations
within a shared vector space. This alignment al-
lows for effective association between images and
text, even without task-specific supervision.

However, most of these advances have been
driven by models trained almost exclusively on
English-language data (Li et al., 2021; Jia et al.,

2021). This poses a major limitation, as the direct
transfer of these solutions to other languages and
cultural contexts often results in degraded perfor-
mance (Rosa et al., 2021). The problem is even
more pronounced for Brazilian Portuguese, which
still lacks large-scale multimodal resources that
reflect its linguistic and cultural richness. Captur-
ing culturally specific visual concepts from Brazil-
ian contexts, such as regional traditions and her-
itage practices, also remains a challenge for vi-
sion—language models (Cruz-Castafieda et al.,
2025). Furthermore, many Portuguese datasets
rely on automatic translations of English corpora,
which can introduce linguistic noise and semantic
imbalance.

Given this scenario, it becomes necessary to
investigate how CLIP and its derivatives per-
form when applied to data originally written in
Brazilian Portuguese, a low-resource and under-
explored language in the multimodal domain. It is
also important to assess the feasibility of adapting
such models using lighter and less complex archi-
tectures, particularly in contexts such as developing
countries where computational resources are often
limited. This makes the development of efficient
and accessible solutions even more critical.

The central goal of this research is to evaluate the
performance of different CLIP variants on the task
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of associating images with descriptions in Brazil-
ian Portuguese. To this end, we propose an ex-
perimental approach that includes: (i) a zero-shot
evaluation of multiple models, including original,
multilingual, and Portuguese-adapted versions; (ii)
an analysis of language influence using automat-
ically translated captions; and (iii) fine-tuning of
the text encoder from the viT-B/32 model using
the FM30k dataset (Viridiano et al., 2024), which
consists exclusively of image descriptions originally
written in Portuguese.
The primary contributions of this paper are:

+ A comprehensive zero-shot benchmark of
prominent CLIP variants (OpenAl originals,
multilingual, and Portuguese-adapted) on the
native FM30k dataset, establishing a clear
baseline for performance in an authentic lin-
guistic setting.

+ A diagnostic analysis of performance asym-
metry between image-to-text and text-to-
image retrieval, empirically identifying the text
encoder as the principal bottleneck for English-
centric models when processing Portuguese.

* The proposal and evaluation of CLIP-
ViT/32-FM30k, a lightweight adaptation
of CLIP achieved by fine-tuning only the text
encoder of a standard ViT-B/32 model. This
"locked-image" tuning strategy is specifically
designed for computational efficiency.

* A detailed cost-benefit analysis demon-
strating that our lightweight cLIP-viT/32-
FM30k model achieves competitive results
against much larger state-of-the-art multilin-
gual models while being significantly more
parameter-efficient, offering a practical and ac-
cessible adaptation pathway for low-resource
languages.

2. Related Work

2.1. Foundational Models: CLIP

The CLIP model, developed by OpenAl, learns vi-
sual concepts from natural language supervision
by training on a massive dataset of image-text pairs
from the internet (Radford et al., 2021). lts archi-
tecture consists of two main components: an im-
age encoder (e.g., a Vision Transformer or ViT)
and a text encoder (e.g., a Transformer). During
training, a contrastive loss function is employed
to maximize the cosine similarity of the embed-
dings for correct image-text pairs while minimizing
it for incorrect pairs within a batch. This process
aligns the two modalities into a shared embedding
space, enabling powerful zero-shot classification

and cross-modal retrieval without task-specific train-
ing (Radford et al., 2021).

2.2. Multilingual and Adapted Models

The mCLIP model, developed by the LAION com-
munity, is a prominent multilingual variant that
pairs the viT-B/32 visual encoder with the XLM-
RoBERTa-base text encoder, trained on over 100
languages. Pretrained on the large LAION-5B
dataset with billions of multilingual image-text pairs,
mCLIP supports zero-shot retrieval across diverse
languages (Schuhmann et al., 2022). Despite
progress, multilingual robustness varies signifi-
cantly across languages.

The caAp1IVARA model (dos Santos et al., 2023)
builds upon mCLIP to specifically adapt CLIP
for Brazilian Portuguese in low-resource settings.
CAPIVARA uses a pipeline where synthetic En-
glish captions are generated from images in the
CC3M dataset (Sharma et al., 2018) and then au-
tomatically translated into Portuguese, creating a
large-scale Portuguese image-text corpus. During
fine-tuning, only the text encoder is updated, with
the visual encoder frozen, and Low-Rank Adap-
tation (LoRA) is applied to reduce computational
costs and speed training. CAPIVARA was evalu-
ated on multiple Portuguese datasets, including
PraCegoVer (dos Santos et al., 2022), Portuguese-
translated MS COCO (Lin et al., 2015), Flickr30k
(Young et al., 2014), ImageNet (Deng et al., 2009),
and ELEVATER benchmarks (Li et al., 2022), fo-
cusing on zero-shot image-text retrieval.

Other monolingual adaptations exist for lan-
guages such as ltalian (Bianchi et al., 2021), Chi-
nese (Yang et al., 2023), and Korean (Ko and Gu,
2022), typically relying on fine-tuning with native
corpora to address CLIP’s original limitations in
specific languages. Although these works extend
CLIP’s multilingual reach, many depend heavily
on translated captions rather than native-language
data, which can limit their ability to capture linguistic
and cultural nuances.

Our work complements these approaches by
evaluating and fine-tuning CLIP variants, including
CAPIVARA and mCLIP, on FM30k, a novel dataset
composed exclusively of human-written Brazilian
Portuguese descriptions. Unlike corpora based on
translations or synthetic captions, FM30k enables
a more authentic evaluation and adaptation in a
native low-resource setting, providing insights into
the true capabilities of CLIP models for Brazilian
Portuguese.
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3. A Lightweight Approach to
Multilingual Adaptation

3.1. Framed Multi30k Dataset

This study uses the Framed Multi30k (FM30k)
dataset, an extension of the widely used Flickr30k
and Multi30k datasets for image captioning and
multimodal research. Flickr30k contains over
31,000 images, each with five human-written En-
glish captions (Young et al., 2014). Multi30k adds
translated captions in multiple languages, while
FM30k expands this by focusing on Brazilian Por-
tuguese. The FM30k dataset consists of 158,915
original Brazilian Portuguese captions authored by
native speakers, 30,104 Portuguese translations
of English captions, and more than 4.5 million se-
mantic frame annotations aligned with captions in
both languages.

The original Portuguese captions were produced
by 148 university students through a rigorous an-
notation process with quality controls (Viridiano
et al., 2024). For this work, only the original Por-
tuguese captions are used to evaluate CLIP models
on native-language image-text matching.

Each image in FM30k is associated with five in-
dependent Portuguese captions, stored in a text file
with the format: image_name#caption_number
caption_text. For example, the image
1000092795. jpg has captions such as “Two men
talk in the garden near a gate”™”.

The images are part of the Flickr30k dataset,
which requires request-based access via a form?
and is subject to Flickr's terms of use. FM30k
captions and annotations are publicly available on
GitHub®, maintained by the dataset’s creators.

3.2. Zero-shot Evaluation

To assess the ability of CLIP-based models to asso-
ciate images and texts in Brazilian Portuguese with-
out any task-specific adaptation, we conducted a
zero-shot evaluation using the FM30k dataset. This
experiment served both as a baseline analysis and
as motivation to explore potential improvements via
fine-tuning.

3.2.1. Data Setup

The complete FM30k dataset was used without
partitioning into training, validation, or test splits,
since the goal was to evaluate model performance
without any prior exposure to the data. Each image

'Original: Dois homens conversam no jardim perto
do portao.

2https://forms.illinois.edu/sec/229675

Shttps://github.com/FrameNetBrasil/
framed-multi30k/tree/main

in the dataset is associated with exactly five inde-
pendent captions in Brazilian Portuguese, which
were grouped together for evaluation to preserve
alignment between modalities.

3.2.2. Evaluated Models

Five CLIP-based models were evaluated to cover
different architectural scales and multilingual ex-
tensions: CLIP ViT-B/32, CLIP ViT-B/16, CLIP
ViT-L/14, m-CLIP (multilingual), and CAPIVARA
(Portuguese-adapted). The first three models were
loaded from OpenAl's CLIP implementation, while
m—-CLIP and CAPIVARA were loaded using Open-
CLIP (llharco et al., 2021), with corresponding im-
age and text preprocessing pipelines.

3.2.3. Preprocessing and Embedding
Generation

Images were loaded in RGB format and prepro-
cessed using each model’s default transformation
pipeline (resizing, normalization, etc.). Text cap-
tions were tokenized with the appropriate tokenizer
for each model. For every image-caption pair, we
computed visual and textual embeddings via the
model’s respective encoders. Embeddings were
normalized to unit vectors, enabling cosine similar-
ity computation via dot product.

3.2.4. Similarity Computation and Evaluation
Metrics

Model efficacy is rigorously evaluated via standard
cross-modal retrieval metrics, predominantly Accu-
racy@k (synonymous with Recall@k in this domain
context). It is vital to theoretically distinguish our
cross-modal retrieval objective from generative im-
age captioning tasks. While n-gram overlap metrics
(such as BLEU, ROUGE, and METEOR) and mod-
ern reference-free multi-modal metrics like CLIP-
Score are highly powerful for assessing the syntac-
tic and semantic quality of newly generated text,
they are conceptually inappropriate for this study.
Our task assumes a fixed, ground-truth database
where the objective is pure ranking, not synthe-
sis. Moreover, employing a CLIP-based metric like
CLIPScore to evaluate the retrieval effectiveness of
fine-tuned CLIP variants would introduce problem-
atic circular bias. Accuracy@k remains the industry
standard for exact matching retrieval and is widely
adopted in the literature (Radford et al., 2021; dos
Santos et al., 2023), as it unambiguously quantifies
the proportion of instances where the true associ-
ated item is accurately positioned within the top k
ranks.

Similarity matrices were computed in both direc-
tions: image-to-text and text-to-image. For each
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query, the top-k most similar elements were re-
trieved using torch.topk, and the results were
used to compute standard retrieval metrics, includ-
ing Accuracy@k.

This evaluation provides a reference point for
model performance without task-specific adapta-
tion, highlighting the baseline cross-modal align-
ment capabilities in Brazilian Portuguese.

3.3. Zero-shot with Different Languages

To investigate the impact of language on the CLIP
model’s performance, we conducted a parallel zero-
shot experiment using automatic translations of the
FM30k and Flickr30k captions. The underlying hy-
pothesis is that, since CLIP was primarily trained on
English text, its performance is likely to be superior
when operating in that language, which may com-
promise its effectiveness in tasks involving captions
written in Portuguese.

For this purpose, we employed the
facebook/nllb-200-distilled-600M
model, which is specialized in high-quality mul-
tilingual translation (Team et al.,, 2022). The
translations were generated while preserving the
same data structure used previously, resulting in
three new vectorized versions of the captions:

» Portuguese-to-English translations of the
FM30k captions;

+ English-to-Portuguese translations of the
Flickr30k captions;

* Original English captions from the Flickr30k
dataset.

All zero-shot procedures followed the same
pipeline described in Section 3.2, including the
generation of text and image embeddings, simi-
larity computation using precomputed image em-
beddings, and evaluation with the same metrics.
However, in this multilingual setup, we used only
the baseline viT-B/32 model for consistency and
to isolate the language variable.

3.4. Fine-tuning on Brazilian Portuguese
Texts

This experiment aims to evaluate the impact of
adapting the text encoder of the viT-B/32 CLIP
model to a corpus written in Brazilian Portuguese.
We hypothesize that aligning the text encoder to
the linguistic characteristics of the FM30k cap-
tions could improve cross-modal retrieval perfor-
mance. The base model was selected for its com-
petitive performance and relatively low computa-
tional cost (Radford et al., 2021).

3.4.1. Cross-validation Protocol

We adopted five-fold cross-validation to ensure ro-
bust generalization estimates. Each fold contains a
disjoint subset of images and their associated cap-
tions. Within each round, one fold is reserved for
testing, while the remaining four are split into train-
ing (80%) and validation (20%). This guarantees
no image or caption leakage between partitions,
enabling fair performance assessment.

3.4.2. Fine-tuning Strategy

Inspired by the Locked-image Tuning strategy (Zhai
et al., 2022), we fine-tune only the text encoder
while keeping the visual encoder frozen. This
choice assumes that the pretrained visual encoder
already provides strong representations, and fo-
cuses training on adapting the text encoder to
Brazilian Portuguese. This approach also reduces
computational cost by avoiding gradient computa-
tion in the image branch.

The training was performed using the Adami op-
timizer with a learning rate of 10~° and a weight
decay of 0.01. We used a batch size of 512 and
trained for up to 15 epochs, with early stopping typ-
ically halting the process between epochs 5 and 8.
These hyperparameters were selected based on
preliminary experiments to ensure stable conver-
gence while preventing catastrophic forgetting of
the original multimodal alignment.

Although Parameter-Efficient Fine-Tuning (PEFT)
methodologies such as Low-Rank Adaptation
(LoRA) have emerged as standard practices for
adapting Large Language Models with billions of
parameters, our proposed architecture deliberately
employs a full fine-tuning mechanism constrained
strictly to the text encoder. The ViT-B/32 text en-
coder contains roughly 63 million parameters—a
size sufficiently small to perform full fine-tuning with
negligible memory constraints (easily accommo-
dated on standard GPU hardware). Recent spec-
tral analyses indicate that while LoRA excels at
proximal domain adaptations by injecting low-rank
decomposition matrices, its constrained intrinsic
dimensions can struggle to fully overwrite repre-
sentational structures when bridging massive struc-
tural and linguistic gaps, such as the complete tran-
sition from English semantics to native Brazilian
Portuguese. By executing a full parameter update
on the text encoder whilst keeping the heavier vi-
sual encoder rigidly locked, we grant the textual
representations the necessary tensor flexibility to
organically conform to the Portuguese language’s
latent space without incurring the out-of-distribution
forgetting vulnerabilities occasionally observed in
restrictive low-rank adaptations.

The training data consist of (image, caption) pairs
created by replicating each of the five captions per
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image. These pairs are processed through CLIP’s
standard image and text preprocessing routines.

The model is trained using the original CLIP con-
trastive loss (Radford et al., 2021), treating cross-
modal matching as a symmetric multi-class classifi-
cation task. Embeddings are normalized to ensure
cosine similarity and stable optimization. The loss
is computed in both directions (image-to-text and
text-to-image), and averaged.

3.4.3. Regularization and Early Stopping

To mitigate overfitting, we apply early stopping
based on validation loss. Training halts if no sig-
nificant improvement (> 10~%) is observed after
three consecutive epochs. The model with the best
validation performance is saved for evaluation.

3.4.4. Final Evaluation

After each fold, the fine-tuned model (CL.IP-ViT-
B/32-FM30k) is evaluated on the corresponding
test set. The evaluation procedure follows the same
steps described in Section 3.2: embedding gener-
ation, similarity computation, and retrieval metric
calculation.

This allows direct comparison with the zero-shot
models, including those listed in Section 3.2.2. Fi-
nal performance is reported as the mean and stan-
dard deviation across the five test folds, allowing
us to assess the effectiveness of domain-specific
text encoder adaptation for improving image-text
alignment in Brazilian Portuguese.

3.5. Experimental Environment

The experiments were conducted on a high-
performance computing cluster equipped with In-
tel(R) Core(TM) i9-14900KF processors running
at 3.20 GHz, featuring 24 physical cores and
32 threads, 128 GB of DDR5 RAM, and NVIDIA
GeForce RTX 4090 GPUs. This infrastructure pro-
vided the necessary computational resources to
support model evaluation and fine-tuning with reli-
able performance and reproducibility.

The development environment was configured
with Python version 3.11. 2, along with the main
libraries required for the experiments: torch,
sklearn,clip, open_clip, tgdm, numpy, pan—
das, matplotlib, and seaborn. This compu-
tational infrastructure provided the necessary re-
sources for evaluating the models and performing
fine-tuning, ensuring both performance and repro-
ducibility of the experiments.

4. Results and Discussion

4.1.

This section presents the results obtained in the
zero-shot inference setting, where CLIP models
were evaluated directly on the FM30k dataset with-
out any additional fine-tuning. The goal is to ana-
lyze the performance of different CLIP variants on
the cross-modal retrieval task between images and
captions in Brazilian Portuguese. Key aspects dis-
cussed include the influence of language on model
performance, the role of the text encoder, the sym-
metry between retrieval directions, and the impact
of model complexity on the quality of semantic as-
sociations.

Linguistic adaptation enhances CLIP model
performance. The models CAPTVARA and mCLIP,
both adapted to Portuguese, consistently outper-
formed other variants across all values of £ and in
both retrieval directions (image-to-text and text-to-
image). This highlights the importance of training
or adapting the text encoder to the target language,
especially in tasks that rely heavily on precise se-
mantic alignment between images and text. No-
tably, as shown in Figure 1, CAPIVARA, specifi-
cally optimized for Portuguese, tends to surpass
mCLIP, which, although multilingual and including
Portuguese in its training, lacks the same level of
specialization.

Original CLIP models face limitations with
Portuguese captions. The original OpenAl CLIP
models (ViT-B/32, ViT-B/16,and ViT-L/14),
trained predominantly on English data, showed in-
ferior performance when applied to Portuguese
captions. While these models excel in English-
language benchmarks (Radford et al., 2021), their
performance degrades significantly in multilingual
contexts without specific adaptation or fine-tuning.
This underscores their limited generalization capa-
bility across languages without targeted training.

Importance of the text encoder for Por-
tuguese performance. It is important to note
that viT-B/32, mCLIP, and CAPIVARA share the
same visual encoder. Therefore, performance
differences arise exclusively from the textual en-
coder used by each model. While the original
CLIP employs a text encoder trained mostly on
English data, mCL.1P and CAPTIVARA use text en-
coders adapted to Portuguese based on different ar-
chitectures—specifically XLM-RoBERTa, designed
for multilingual understanding. This architectural
choice, combined with targeted training, proved
decisive for successful semantic retrieval with Por-
tuguese captions.

Asymmetry in retrieval direction perfor-
mance. Figure 1 reveals a significant performance
gap between retrieval directions in the original
OpenAl CLIP models. For instance, in the viT-

Zero-shot
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Model Visual Architecture Textual Architecture Parameters (Visual) Parameters (Textual) Total

ViT-B/32 ViT-Base (32px patch)  Transformer (OpenAl BPE) 87M 63M 150M
ViT-B/16 ViT-Base (16px patch)  Transformer (OpenAl BPE) 87M 63M  150M
ViT-L/14 ViT-Large (14px patch) Transformer (OpenAl BPE) 303M 123M  426M
mCLIP ViT-Base (32px patch)  XLM-RoBERTa-base 87M 278M  365M
CAPIVARA ViT-Base (32px patch) XLM-RoBERTa-base 87M 278M 365M

Table 1: Comparison among CLIP models

Metric Compared Model Accuracy Accuracy of CLIP-ViT-B/32-FM30k Absolute Difference  Relative Difference
accuracy@1 mCLIP 58.90% 40.87% -18.03% -30.6%
CAPIVARA 61.85% 40.87% -20.98% -33.9%
accuracy@5 mCLIP 82.06% 67.47% -14.59% -17.8%
CAPIVARA 83.81% 67.47% -16.34% -19.5%
accuracy@10 | mCLIP 88.82% 77.39% -11.43% -12.9%
CAPIVARA 90.14% 77.39% -12.75% -14.1%
accuracy@100 | mCLIP 98.69% 95.45% -3.24% -3.3%
CAPIVARA 98.83% 95.45% -3.38% -3.4%

Table 2: Absolute and Relative Comparison — Image-to-Text Retrieval for Adapted Models. Results report
the Average Accuracy@k across test folds.

Metric Compared Model Accuracy Accuracy of CLIP-ViT-B/32-FM30k Absolute Difference  Relative Difference
accuracy@1 mCLIP 39.19% 19.49% -19.70% -50.3%
CAPIVARA 42.56% 19.49% -23.07% -54.2%
accuracy@5 mCLIP 64.25% 42.19% -22.06% -34.3%
CAPIVARA 68.51% 42.19% -26.32% -38.4%
accuracy@10 mCLIP 73.65% 53.83% -19.82% -26.9%
CAPIVARA 77.77% 53.83% -23.94% -30.8%
accuracy@100 | mCLIP 94.43% 86.30% -8.13% -8.6%
CAPIVARA 95.96% 86.30% -9.66% -10.1%

Table 3: Absolute and Relative Comparison — Text-to-Image Retrieval for Adapted Models. Results report
the Average Accuracy@k across test folds.

Metric Compared Model Accuracy Accuracy of CLIP-ViT-B/32-FM30k Absolute Difference  Relative Difference
accuracy@1 ViT-B/32 13.22% 40.87% +27.65% +209%
ViT-B/16 15.53% 40.87% +25.34% +163%
ViT-L/14 23.13% 40.87% +17.74% +77%
accuracy@5 ViT-B/32 28.62% 67.47% +38.85% +135%
ViT-B/16 32.48% 67.47% +34.99% +108%
ViT-L/14 44.58% 67.47% +22.89% +51%
accuracy@10 | ViT-B/32 37.64% 77.39% +39.75% +106%
ViT-B/16 42.02% 77.39% +35.37% +84%
ViT-L/14 55.28% 77.39% +22.11% +40%
accuracy@100 | ViT-B/32 72.29% 95.45% +23.16% +32%
ViT-B/16 76.71% 95.45% +18.74% +24%
ViT-L/14 86.46% 95.45% +8.99% +10%

Table 4: Absolute and Relative Comparison — Image-to-Text Retrieval with OpenAl CLIP Models. Results
report the Average Accuracy@k across test folds.
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Figure 1: Accuracy@k in zero-shot scenario.
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Figure 2: Accuracy@k in the zero-shot scenario
with captions in different languages.

B/32 baseline, the Accuracy@1 reaches 13.22%
for image-to-text retrieval, while plummeting to a
marginal 4.02% in the text-to-image task—a 3.3x
disparity. This asymmetry is partly explained by
the dataset structure, which provides five captions
for each image. Probabilistically, it is substantially
easier to retrieve at least one matching caption for
a given image than it is to identify the single correct
image corresponding to a specific textual query.
Conversely, mCLIP and CAPIVARA show more bal-
anced curves across both directions, reflecting
more symmetric representations of images and text.
This balance is attributed to the adapted text en-
coders. The asymmetry in original CLIP models
likely stems from the textual encoder’s English-only
training: poor textual representation impairs image
retrieval from text queries, while robust visual en-
coders help partially compensate when retrieving
text from images.

Accuracy increases with k. As expected, Accu-
racy@k improves as k increases across all models.
This improvement is more pronounced for models
trained or adapted to Portuguese, indicating not
only correct identification of image-text pairs at top
ranks but also better overall ranking of relevant
candidates.

ViT-L/14 outperforms ViT-B variants. Among
OpenAl models, viT-1./14 consistently surpasses
the smaller viT-B/16 and ViT-B/32 in all re-
trieval settings. This confirms that larger architec-
tures tend to offer superior generalization and se-
mantic representation capabilities. Nevertheless,
ViT-L/14 remains behind mCLIP and CAPIVARA,
emphasizing that linguistic adaptation has a greater
impact than model size alone.

4.2. Zero-shot with Different Languages

Analysis of Accuracy@k values reveals a substan-
tial language-dependent performance gap in the

ViT-B/32 model (see Figure 2). Using original
English captions (VviT-B/32_EN) yields the high-
est retrieval accuracy, reflecting strong alignment
between the text encoder and English input. How-
ever, when the captions are translated from English
to Portuguese (ViT-B-32_en_to_pt), the perfor-
mance drops sharply in both directions, revealing a
marked difficulty of the text encoder in adequately
representing the content in Portuguese. Con-
versely, when the original Portuguese captions are
translated into English (ViT-B-32_pt_to_en),
the performance improves significantly compared
to the Portuguese captions, although it still falls
short of the results achieved with the captions orig-
inally written in English.

It is important to highlight that the model remains
unchanged across all scenarios, with the language
of the captions as the only variable. This indicates
that the performance drop is directly related to the
input language representation. These results sug-
gest that the primary influencing factor is the tex-
tual representation provided to the model, where
using English—more aligned with the latent space
learned during training—yields a substantial ad-
vantage. The text-to-image retrieval task appears
particularly sensitive to the quality of this repre-
sentation, reinforcing the negative impact of using
languages not native to the original text encoder.
Additionally, although machine translation is a feasi-
ble alternative, it may introduce noise and semantic
loss (Rosa et al., 2021), which can adversely affect
the quality of the textual representation.

4.3. Fine-tuning

Following the analysis in the zero-shot setting, this
section discusses the results obtained from adapt-
ing the CLIP model through fine-tuning. The im-
pacts of fine-tuning on the performance of CLIP
models pretrained in English are examined, includ-
ing the model used as the fine-tuning base, as well
as a comparison with models already adapted to
Portuguese. The evaluation covers both absolute
and relative gains in the Accuracy@k metric, en-
abling an analysis of the relationship between result
quality and architectural complexity.

4.3.1. Overall Performance of CLIP Models

Figure 3 summarizes the performance of the eval-
uated models based on the Accuracy@k metric,
considering both image-to-text and text-to-image re-
trieval tasks. The cAPIVARA model, trained specif-
ically for Portuguese, achieved the best perfor-
mance across all evaluated scenarios. The multi-
lingual mc1.TP model followed with strong perfor-
mance, outperforming the original OpenAl models
but still trailing behind CAPIVARA. The CLIP-ViT-
B/32-FM30k model, which adapts the textual en-
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Figure 3: Average Accuracy@k across test folds for each model, including the proposed fine-tuning.

coder using original Portuguese captions, consis-
tently outperformed the original OpenAl models
as well, although it remained below mCLIP (see
Tables 2 and 3).

The following subsections present differences
in model complexity and analyze the cost-benefit
trade-offs in terms of performance and size, high-
lighting the advantages of the CLIP-ViT-B/32-
FM30k model.

4.3.2. Impact of Fine-tuning on the CLIP

Model

When directly comparing the viT-B/32 model with
the fine-tuned CLIP-ViT-B/32-FM30k, which
uses ViT-B/32 as the fine-tuning starting point,
a substantial performance gain is observed (see
Tables 4 and 5). In the image-to-text scenario, the
Accuracy@1 metric increased from approximately
13.2% to 40.87%, demonstrating a substantial ab-
solute increase of 27.65 percentage points. This
gain equates to a remarkable 209% relative im-
provement over the unadapted CLIP ViT-B/32, as
detailed chronologically in Table 4. These improve-
ments propagate even more aggressively within
the text-to-image retrieval scenario. As outlined
in Table 5, the model achieved an absolute in-
crease of 15.47 percentage points—leaping from
a marginal 4.02% base accuracy to 19.49%. This
amounts to an extraordinary 385% relative improve-
ment. The magnitude of these deltas exposes
the profound representational inadequacies of the
original English text encoder when processing raw
Portuguese data, and underscores how robustly a
native-language fine-tuning strategy realigns the
bidirectional semantic boundaries. This demon-
strates that the adaptation enables a more informa-
tive representation of Portuguese captions, facili-
tating cross-modal retrieval.

Another relevant aspect is the alignment between

the two retrieval directions after fine-tuning. The
CLIP-ViT-B/32-FM30k model exhibits growth
curves with similar slopes for both image-to-text
and text-to-image tasks, a behavior also observed
in CAPTVARA and mCLIP. In contrast, the OpenAl
models show significant disparity between direc-
tions, with drastically lower performance in text-to-
image retrieval. This suggests that fine-tuning not
only improved absolute metric values but also re-
duced semantic imbalance between textual and
visual encoders—a critical factor for robust multi-
modal retrieval applications.

4.3.3. Model Complexity Comparison

An important aspect in the analysis of results is the
comparison of the complexity of the models used,
particularly regarding the number of parameters
and involved architectures. Table 1 summarizes
the main characteristics of each evaluated CLIP
model.

As detailed in Table 1, the CAPIVARA and mCLIP
models employ textual encoders based on the XLM-
RoBERTa-base architecture, with approximately
278M parameters in the textual component. In
contrast, our proposed CLIP-ViT-B/32-FM30k
model, built upon the standard viT-B/32 back-
bone, utilizes the original CLIP textual architecture
(OpenAl BPE Transformer) with only 63M param-
eters. This means our model’s textual encoder is
approximately 4.4 times smaller than those used
in state-of-the-art adapted models.

Despite this significant difference, the cLIP-
ViT-B/32-FM30k model delivers competitive per-
formance while being substantially smaller and sim-
pler. This suggests that a lightweight adaptation
focused exclusively on the textual encoder and per-
formed with a relatively small, native corpus can
be sufficient to better align Portuguese text em-
beddings with CLIP’s multimodal space. This out-
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Metric Compared Model Accuracy Accuracy of CLIP-ViT-B/32-FM30k Absolute Difference Relative Difference
accuracy@1 ViT-B/32 4.02% 19.49% +15.47% +385%
ViT-B/16 4.42% 19.49% +15.07% +341%
ViT-L/14 8.16% 19.49% +11.33% +139%
accuracy@>5 ViT-B/32 10.93% 42.19% +31.26% +286%
ViT-B/16 12.09% 42.19% +30.10% +249%
ViT-L/14 19.85% 42.19% +22.34% +113%
accuracy@10 | ViT-B/32 15.78% 53.83% +38.05% +241%
ViT-B/16 17.51% 53.83% +36.32% +207%
ViT-L/14 27.07% 53.83% +26.76% +99%
accuracy@100 | ViT-B/32 42.94% 86.30% +43.36% +101%
ViT-B/16 45.88% 86.30% +40.42% +88%
ViT-L/14 59.38% 86.30% +26.92% +45%

Table 5: Absolute and Relative Comparison — Text-to-Image Retrieval with OpenAl CLIP Models. Results

report the Average Accuracy@k across test folds.

come has practical implications, enabling the use
of lighter and more efficient models in resource-
constrained environments.

4.3.4. AQuantitative Comparison — CLIP
Models Adapted for Portuguese

Analyzing the quantitative performance, it is ob-
served that in image retrieval tasks the CLIP-ViT-
B/32-FM30k model incurs relative losses ranging
from just 3% (top-100) to approximately 34% (top-
1), with more pronounced drops at stricter positions.
In text retrieval, losses are more significant, varying
between 8% and 54%, again with the greatest im-
pact on top-1 and top-5 metrics. Nonetheless, the
reduced computational cost of CLIP-ViT-B/32-
FM30k, featuring a textual encoder with about 4.4
times fewer parameters, can justify its adoption in
resource-constrained scenarios where model light-
ness is a priority, while still maintaining reasonable
performance in multimodal tasks.

4.3.5. AQuantitative Comparison —
English-Pretrained CLIP Models

On the other hand, when comparing the cL1P-
ViT-B/32-FM30k model with the original Ope-
nAl CLIP models (VviT-B/32, ViT-B/16, and
ViT-L/14), an inverse scenario is observed,
where CLIP-ViT-B/32-FM30k consistently out-
performs across all evaluated metrics. In image re-
trieval tasks, CLLIP-ViT-B/32-FM30k surpasses
both viT-B/32 and viT-B/16 with relative gains
ranging from 24% to 209%, depending on the met-
ric. Even compared to viT-1L/14, a significantly
larger model, CL.TP-ViT-B/32-FM30k maintains
superior performance, with advantages between
10% and 77%. This difference becomes even
more pronounced in text retrieval tasks: CLIP-
ViT-B/32-FM30k achieves relative gains exceed-
ing 100% across nearly all metrics, reaching up
to a 385% increase in top-1 accuracy compared
to viT-B/32. These results clearly demonstrate
that, despite its architectural simplicity, adapting

the textual encoder for the Portuguese language
yields highly effective outcomes.

5. Conclusion

This study investigated the performance of CLIP-
based models on a native Brazilian Portuguese
dataset and proposed a lightweight, cost-effective
adaptation strategy. Our experiments lead to sev-
eral key conclusions. First, off-the-shelf, English-
centric CLIP models exhibit not only significant per-
formance degradation but also a critical retrieval
asymmetry when applied to native Portuguese,
which we identified as a clear symptom of a de-
ficient text encoder for the target language. Sec-
ond, models adapted for Portuguese demonstrate
vastly superior performance, confirming that linguis-
tic adaptation is essential.

The core contribution of this work is the demon-
stration that a lightweight and resource-efficient
fine-tuning strategy—updating only the text en-
coder of a standard CLIP model on a modest, na-
tive dataset—can yield a model that is not only
vastly superior to its original baseline but also
highly competitive with much larger and more
complex multilingual architectures. Our model,
CLIP-ViT-B/32-FM30k, achieves this with a text
encoder that is 4.4 times smaller, presenting a vi-
able and cost-effective path forward. Furthermore,
this adaptation successfully resolved the perfor-
mance asymmetry, creating a more balanced and
robust bidirectional semantic space.

The primary takeaway is that lightweight, text-
only fine-tuning on high-quality, native-language
data is a powerful, accessible, and resource-
efficient strategy for adapting large multimodal mod-
els. This approach provides a practical roadmap for
researchers in other low-resource language com-
munities to leverage the capabilities of foundational
models like CLIP. Future work should focus on creat-
ing larger native datasets for Brazilian Portuguese
and exploring the co-adaptation of the visual en-
coder to capture culturally specific concepts.
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Limitations

A central limitation of this investigation is its de-
pendence on a relatively constrained corpus scale.
Although the FM30k dataset provides highly ac-
curate, human-authored Portuguese annotations,
its sheer volume is dwarfed by the billion-scale
synthetic datasets deployed in the pre-training of
foundational multilingual encoders. Consequently,
the upper ceiling of performance for our natively
adapted model may remain constrained relative
to large-scale architectures. Furthermore, while
the locked-image tuning protocol ensures remark-
able computational efficiency, the unadapted visual
encoder fundamentally relies on its zero-shot gen-
eralization capabilities. This frozen visual space
may possess implicit biases towards Euro-centric
or North American visual concepts, potentially hin-
dering its capacity to flawlessly capture culturally
distinct visual nuances specific to the Brazilian ge-
ographical and societal context. Future endeav-
ors must explore efficient co-adaptation pipelines
where both visual and textual encoders can be
mildly adjusted via native corpora without triggering
catastrophic forgetting.
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