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Abstract

Automated image captioning using artificial neural networks allows for ap-
plications that go beyond the creation of a description in natural language
of the visual information contained in an image. This work explores the use
of image captioning to generate the instructions to perform a gastronomic
procedure depicted by an input picture. To do this, the model must learn to
focus on the appropriate visual elements of the image, as well as to mimic
the required style of the captions. A multilingual dataset of recipes is used
to fine-tune an English vision encoder-decoder model, and to prefix-tune an
Italian model built using CLIP as an image encoder and mGPT as a linguistic
decoder with a lightweight network to bridge the modalities. Lack of context
that goes beyond the individual image causes the most issues, but both of the
resulting models perform well overall. This is especially evident in the case
of the English fine-tuned model. However, most of the automated metrics
used struggle to reliably evaluate the quality of the results. BERTScore fares
the best among them, both when only the baseline BERT model is used and
when the model is adapted to the domain. The presence of noisy references
probably contributes to the issues encountered during the evaluation, but
is certainly not the only factor. In short, while this kind of non-standard
application of image captioning can be modeled successfully, the selection of
appropriate evaluation metrics is non-trivial, and a time-consuming manual
evaluation may be necessary for a fully informed assessment.
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Chapter 1

Introduction

Developments in the natural language processing field have seen the rise of
multimodal applications that perform tasks that until recently posed signif-
icant challenges. One of these tasks is image captioning, which leverages
advances in both computer vision and natural language processing. Typi-
cally, the process uses a neural model to generate a description in natural
language of a given picture, with consequent applications ranging from ac-
cessibility to information retrieval, from image indexing to medical imaging
(Osman et al., 2024). The advances made for these established use cases
equally support non-standard purposes, such as generating text in a format
other than a description of the input picture.

Leveraging a dataset of recipes, this work explores the possibility of cre-
ating models to generate cooking instructions when given in input a picture
depicting the action. The model needs to replicate the linguistic style of the
dataset, giving guidance on how to perform the selected step of the recipe. To
achieve this, the output text should accurately describe the action performed,
as well as the ingredients and tools involved. Consequently, the model needs
to have in-depth knowledge of the gastronomy domain and its specialized ter-
minology, not to mention the ability to recognize domain-specific equipment
and items from visual information.

These requirements, in addition to the atypical style of the desired cap-
tions, mean that general-purpose models are unlikely to be able to perform
the task without further instruction, with the potential exception of the
most recent state-of-the art multimodal architectures. However, the latter
have high memory and hardware requirements, making them challenging to
deploy in practical settings. For this same reason, their use would impose

13



14 CHAPTER 1. INTRODUCTION

limits on the adoption of any real-world application derived from this work.
Therefore, adapting a pretrained model to the domain and this specific task is
probably the most effective strategy within the external limitations imposed
on this project.

The experiments conducted saw the creation of two different models for
this task, one for English and one for Italian. Their architectures differ
slightly, owing to the different pretrained models used as base.

Despite this difference, both models showed similar behavior, occasionally
struggling with lack of context, but correctly mimicking the required style.
However, the evaluation of the results proved challenging, as many automated
metrics can struggle when applied to a highly specialized and sometimes
noisy dataset. This work examines these aspects in detail and is organized
as follows.

Chapter 2 provides an overview of the background knowledge necessary
to understand the problem and the way the experiments engaged with it.
The overview starts with introducing the field of natural language process-
ing, and progressively narrows the focus onto the architectures used in the
experiments. It then continues with a brief overview of common approaches
to the image captioning task. Lastly it includes information on the evaluation
metrics used in this project.

Chapter 3 discusses the dataset used to fine-tune the models. It explains
why Italian and English were preferred to other languages in the experiments,
and details the various steps used to clean and preprocess the data. It also
examines the biases implicit in the data.

Chapter 4 describes the experiments conducted and discusses their re-
sults, both for Italian and for English. It also discusses the adaptation of the
BERT model used during the evaluation of the Italian experiment.

Chapter 5 concludes by summarizing the work and by drawing conclu-
sions. Additionally, it introduces possible directions for future work.



Chapter 2

Background

2.1 Natural Language Processing

Natural Language Processing (NLP), is a subfield of computer science and
artificial intelligence that focuses on enabling computers to process natural
language data (Hincal, 2023; Stryker and Holdsworth, 2025). It is thus an
interdisciplinary field that uses knowledge from linguistics, data mining, and
statistics among others (Hincal, 2023).

From computer science, NLP inherits an approach aimed at problem-
solving. However, linguistic phenomena often contain complexities that make
the clear definition of a problem challenging, if not impossible (Nivre, 2001).
Consequently, attempts to create algorithms capable of solving abstract prob-
lems can often fail. For this reasons, NLP typically uses mathematical mod-
els to approximate reality, the results of which depend on the quality of the
model (Nivre, 2001).

There is no restriction on the modality of the language data a model
may focus on; NLP can deal with speech or text. Regardless of whether
the natural language was originally in audio or text format, it needs to be
converted into numerical representations that are understandable to machines
(Stryker and Holdsworth, 2025). Appropriate representation techniques are
required for each modality, leading first to specialized systems and later, as
the field developed, to integrating multiple modalities into a single model
(ConfigrTechnologies, 2024).

Multimodal systems are currently the cutting-edge of the field, combining
two or more of audio, text, and images (ConfigrTechnologies, 2024; Grando,
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16 CHAPTER 2. BACKGROUND

2025). The ability to analyze and integrate information from different modal-
ities can improve the system’s understanding of the nuances of natural lan-
guage, by including some of the many complexities of human communication
that go beyond the mere words used, such as tone and gestures (Grando,
2025).

The first approaches to NLP were rule-based, leveraging if-then-else de-
cision trees (Masoumzadeh, 2023; Stryker and Holdsworth, 2025). This type
of algorithm predicts a response to the input data based on the rules defined
during its construction (The MathWorks, Inc., 2026). In the case of NLP,
these rules are derived from syntax, grammar, and other language data, such
as dictionaries (Pirinen, 2023).

A simple example of a decision for a sentiment analysis task could be
if the word “wonderful” is present in the review, consider it positive (Ma-
soumzadeh, 2023). A decision tree would include multiple conditions similar
to this one, creating a multi-step process. Yet, this example already shows
some of the challenges of this approach. Indeed, this condition does not con-
sider the possibility the word “wonderful” could appear accompanied by a
negation, or that it might be used ironically. This shows one of the challenges
of implementing this algorithm: all possible cases and exceptions have to be
considered in advance and included in the handcrafted ruleset, or they will
not be taken into account by the model. Their inclusion might not even be
possible within the structural limitations imposed by the algorithm.

An example of successful rule-based algorithm for sentiment analysis is
VADER. It is based on a lexicon of words that express a sentiment, scoring
them on a scale from −4 to +4, thus capturing both their polarity (positive
or negative) and the intensity of the sentiment expressed. Other features of
the input sentence are also considered, such as the use of exclamation marks,
degree adverbs, or all-caps, all of which increase the intensity of the sentiment
expressed without changing its polarity. Negation and the conjunction “but”
also influence the final score assigned to the sentence (Hutto and Gilbert,
2014). This example shows an advantage of the rule-based approach, which
is the ease of explaining why and how the model reached a result. In the case
of VADER, this is easily done by looking at its rules and the values in the
lexicon (Hutto and Gilbert, 2014). However, understanding the results and
the process that led to them is not always easy with other types of models
(Pirinen, 2023).

The introduction of machine learning marked a significant step forward in
the field, as it allowed computers to model probabilistic aspects of language
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from data, typically large textual corpora (Masoumzadeh, 2023; Stryker and
Holdsworth, 2025). This learning process is referred to as training a model.
Statistical systems tend to frame problems in terms of optimization, such
as maximizing the probability of the expected output given a certain in-
put (Nivre, 2001). Their reliance on data means they can struggle if in-
sufficient examples of a certain linguistic phenomenon have been provided
(Masoumzadeh, 2023), which greatly disadvantages languages that lack large
amounts of digital data to use in the creation of these models (Pirinen, 2023).

Additionally, statistical models frequently apply deterministic algorithms
(Nivre, 2001). For example, when faced with a word with multiple possible
translations in the target language, a statistical machine translation system
may choose the term that is most probable according to its training data,
which often considers a limited context. As a result, such systems can fail to
capture the full richness of natural language.

Further strides forward were made with the introduction of neural net-
works and deep learning, which are currently the dominant paradigm (Stryker
and Holdsworth, 2025).

A neural network is a type of machine learning model that can approxi-
mate different families of mathematical functions depending on its structure.
It can be conceptualized as a network of computing nodes, as shown in Fig-
ure 2.1. Each node or neuron in the hidden layer performs mathematical
operations in order to go from the numerical representation of the input to
that of the output (Prince, 2023). These operations generally consist of dot
products between the input and the weights the model learned during train-
ing (see Appendix). Additionally, the layer can include an activation func-
tion, which allows the model to apply non-linear transformations (Prince,
2023). Each progressive step of the elaboration makes the representation of
the input more abstract and complex, which makes it difficult to explain the
internal reasoning that leads to the production of an output (Pirinen, 2023).

A shallow neural network contains only one hidden layer, whereas a deep
neural network contains more than one, greatly increasing the variety and
complexity of the relationships it can represent (Prince, 2023).

Neural models learn the value of the weights required to represent the
relationship between the given input and the desired output through the
training process, which is done by exposing them to a large amount of data
(Stryker and Holdsworth, 2025).

These data can be annotated or not. A dataset is considered annotated
when a human manually specified the desired output associated to an in-
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Figure 2.1: Structure of a shallow neural network (Prince, 2023).

put instance (Delua, 2025). For example, in a classification task where the
model is expected to distinguish pictures of dogs and cats, the annotations
would be the appropriate class labels (“dog” or “cat”) that the model is ex-
pected to produce when analyzing the corresponding input picture. These
input-output pairs provide supervision during the learning process, when the
model iteratively makes a prediction, compares it against the annotation,
and adjusts its internal weights so the next attempt will be closer to the
desired output. Consequently this is called supervised learning (Delua, 2025;
Prince, 2023).

On the other hand, unsupervised learning is when models are trained on
unannotated data. In this case, a model learns to recognize patterns and
anomalies within the data without the explicit guidance provided by anno-
tations (Delua, 2025; Vankayalapati, 2024). This can be a better approach
when patterns can be derived from raw sequences of text, often making the
construction of a large dataset faster and cheaper than when annotations are
employed. Ultimately, the type of data and methodology suitable for a task
is often determined by the nature of the task itself, not to mention by the
data available (Delua, 2025).

This last point, data availability, is not to be underestimated. Annotating
data is a time-intensive task that often requires specialized knowledge. With
neural models being extremely data-hungry, having a large fully annotated
dataset may not be possible. For this reason, semi-supervised learning has
emerged as a third alternative. A middle ground between the other two
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methodologies, semi-supervised learning makes use of unsupervised learning
enhanced by some amount of annotated data (Delua, 2025).

2.2 The Transformer Architecture

The foundation of many, if not most, modern NLP systems is the Trans-
former architecture, first introduced in the paper “Attention is all you Need”
(Vaswani et al., 2017). Transformers are neural models capable of learning
complex representations and are known for their ability to capture long-range
dependencies between words, which previous neural models struggled with
(Masoumzadeh, 2023).

Their strengths derive from their innovative sole reliance on the atten-
tion mechanism (Vaswani et al., 2017), which allows them to pay attention
to certain relevant portions of the input while generating the output (Kul-
shrestha, 2020). Additionally, self-attention allows them to establish similar
connections within the same sentence, creating a better understanding of its
nuances when applied to the input, and ensuring better internal cohesion
and semantics when used to generate the output (Kulshrestha, 2020). This
is done through assigning a value to all other words in the sentence based
on how “related” they are to the word currently being examined (Alammar,
2018).

Figure 2.2 shows an example of how self-attention works for the sentence
The animal didn’t cross the street because it was too tired, where the intensity
of the color associated with each unit in the sentence represents how impor-
tant they are to understand the meaning of the word it (Alammar, 2018).
This is only one of the attention patterns generated by the model during its
analysis of the input sentence. Transformer models contain a multi-head-
attention module (see Figure 2.3) which allows them to create multiple at-
tention patterns simultaneously. Each one focuses on different features of the
input and captures different aspects of the meaning and structure of a sen-
tence, allowing the model to consider multiple such dependencies and create
a rich representation (Alammar, 2018; Masoumzadeh, 2023; Nguyen, 2023).
These aspects do not need to be preprogrammed into the model, rather they
emerge as part of the training process (Nguyen, 2023).

When used for sequence-to-sequence tasks, that is to say, tasks that take
a sequence of text as input and generate a sequence of text as output (though
modalities other than text are also possible), Transformers are built with an
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Figure 2.2: Illustration of the attention mechanism (Alammar, 2018).

encoder-decoder structure (Kulshrestha, 2020; Vaswani et al., 2017) as shown
in Figure 2.3. The encoder, depicted on the left, is a stack of a certain number
of layers, each of which can be broken down into a self-attention sub-layer
and a feed forward sub-layer (Vaswani et al., 2017). The latter refines the
contextual information provided by the attention (Nguyen, 2023). It is worth
pointing out that while all the encoder layers share the same structure, each
contains its own parameters (Alammar, 2018).

The decoder, shown on the right in Figure 2.3, contains a matching num-
ber of decoder layers, although their internal structure is different (Vaswani
et al., 2017). In between the two sub-layers already described when dis-
cussing the encoder, the decoder contains an additional sub-layer dedicated
to cross-attention, ensuring the model pays attention to relevant features of
the input while producing the output (Alammar, 2018).

Depending on whether it is an encoder or decoder layer, each block pro-
duces a different output. Within the encoder this is progressively more refined
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Figure 2.3: Transformer structure as introduced in (Vaswani et al., 2017).

and context-rich embeddings which then become the input to the decoder
(Nguyen, 2023). Passing through the decoder layers transforms this input
into logits, raw predictions which are then normalized to produce the prob-
ability distribution used to identify each next token to generate (Nguyen,
2023).
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Tokens are generated iteratively, which is why Figure 2.3 shows the out-
puts (shifted right) being fed into the decoder. The shift makes the decoder
input tokens lag behind the desired output by one position, hiding the token
to be generated during the current iteration from the decoder. For example,
if the desired output was I am hungry, in order to generate the word hungry
the encoder would see a special beginning of sentence token followed by the
words I am.

This shift and the masked self-attention layer shown at the bottom of
the decoder stack in Figure 2.3 ensure the decoder is aware of all previously
generated tokens, but cannot see future tokens in the sentence, not even dur-
ing training. The output is thus at any moment conditioned on the previous
elements of the sequence (Vaswani et al., 2017).

Another innovation the Transformer architecture leverages is the addition
of positional embeddings to the input embeddings, marking the absolute
position of each word in the sequence, thus keeping track of word order
(Masoumzadeh, 2023; Vaswani et al., 2017) without the need for recurrence.

Discarding the convolutions and recurrence used by previous neural mod-
els speeds up computing and makes it possible to parallelize both training
and execution (Vaswani et al., 2017). This translates to lower costs and
better performances.

Scalability is another strength of this architecture. An increase in size
can be achieved by adding more layers with the same inner structure as
those already present, or increasing the number of parameters per layer, thus
reaching the massive sizes of modern large language models, often with a
corresponding improvement in performance (Prince, 2023).

All parameters, including those that compute attention, are learned dur-
ing training, which requires large amounts of data (Nguyen, 2023). For this
reason most Transformer models, be they encoder only, decoder only, or
sequence-to-sequence, first undergo unsupervised pretraining on a large un-
labeled dataset, and are later fine-tuned on a smaller task-specific dataset
(Nguyen, 2023).

2.3 Vision Transformer

The Transformer architecture has proven extremely versatile and has been
adapted to modalities other than text. This versatility is key to multimodal
applications, since it provides a unifying underlying architecture that uses
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Figure 2.4: Overview of the Vision Transformer (Dosovitskiy et al., 2020)

embeddings and attention regardless of modality (Grando, 2025).

In the case of images, the adaptation of the Vision Transformer, frequently
shortened to ViT, is done with the least possible amount of modifications to
the architecture (Dosovitskiy et al., 2020). However, while the Transformer
introduced in (Vaswani et al., 2017) was a sequence-to-sequence architecture,
the Vision transformer is primarily conceived as an encoder (Callis, 2024) and
was originally presented for use in classification tasks (Dosovitskiy et al.,
2020).

While language models work with tokenized sentences as input, the Vision
Transformer divides the input picture into evenly sized areas, called patches
(Callis, 2024; Dosovitskiy et al., 2020), as shown on the left side of Figure 2.4.
These patches are first flattened and linearly projected to the required dimen-
sion, before adding to them the position embeddings that allow the model
to understand the spatial relationships between the various portions of the
image (Callis, 2024; Dosovitskiy et al., 2020). The resulting embeddings are
then passed to the encoder, whose inner architecture is essentially unchanged
compared to the original Transformer (Dosovitskiy et al., 2020). Figure 2.4
shows this structure on the right. Aside from the differences in visual style,
it is the same design as the encoder block on the left side of Figure 2.3. Here
too the encoder features a multi-head-attention to capture multiple depen-
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dencies between the various units of the input, followed by a feed forward
layer, in this case indicated by the letters MLP, which stand for multi-layer
perceptron, another name for this type of layer.

2.4 Image Captioning

Image captioning is a task at the intersection of computer vision and natural
language processing, enabling computers to translate pictures into coherent
text (He et al., 2020; Megne, 2023; Suresh, 2024). It is therefore a task that
needs the use of a multimodal model trained on aligned pairs of visual and
textual data instances, specifically a large number of input pictures and the
corresponding desired output captions (Grando, 2025). The caption text
should describe all important aspects of the corresponding image, avoiding
omissions or off-topic associations that could lead the model to learn spurious
correlations (Grando, 2025).

The initial approach to image captioning has been translational, combin-
ing an image encoder capable of extracting the salient characteristics of the
input picture and a linguistic decoder capable of turning that into a coherent
text (He et al., 2020). In such a setup, cross-attention is the logical way of
bridging the modalities, allowing the decoder to pay attention to the salient
features of the input image while generating the caption (He et al., 2020).

Further adaptation of the Transformer architecture to the specification
of these tasks has been attempted, giving the Image Transformer thus cre-
ated a different internal structure, with an increased number of multi-head
attention modules capable of encoding or decoding the complex spatial re-
lationships between different regions of the image (He et al., 2020). Others
sought an alternative technique for bridging the gap between modalities, such
as prefix-tuning (Mokady et al., 2021), which will be discussed more in depth
in Section 4.2.

A milestone among the approaches to the task was the family of models
named Flamingo (Alayrac et al., 2022b). This type of model is built by
combining a large language model and a visual model through the addition of
innovative layers to join the two architectures. As the model can take in input
an undetermined number of visual elements interleaved with text, a smaller
module composed of multiple layers, called a Perceiver Resampler, is used to
reduce the arbitrary number of visual features elaborated by the encoder to
a fixed number of elements. Additionally, a cross-attention between the two
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modalities attends to the output of the Resampler, bridging the modalities
(Alayrac et al., 2022b).

Most of the layers of the original models combined to form this architec-
ture were frozen during training, allowing for a rapid adaptation of the model
to a multitude of downstream tasks using carefully curated yet unannotated
multimodal data from the Web (Alayrac et al., 2022a).

Given visual input and a text prompt, Flamingo is capable of performing
multiple tasks, such as generating text in the shape of answers to open or
closed questions related to the visual input, as well as creating descriptive
captions, among other (Alayrac et al., 2022a,b). In order to do this and
achieve competitive results with models extensively fine-tuned on a single
task, Flamingo needs to be provided with a few examples of the task, per-
forming what is termed few-show learning (Alayrac et al., 2022b; Grando,
2025). In short, the vision model is used to analyze the visual input, while
the large language model elaborates the data and generates the required an-
swer. This is an example of the strategy called intermediate fusion, in which
the visual and textual inputs are elaborated separately at the start, then
merged halfway through the process, before further elaboration takes place
on the joint embeddings (Pulapakura, 2024).

The introduction of models such as Gemini or Chameleon that are na-
tively multimodal (Google AI Blog, 2023; Grando, 2025; The Sage, 2024) has
once again changed the paradigm. These models are capable from inception
of handling multiple modalities and thus use early fusion, merging the repre-
sentations of the different modalities at the input level (Pulapakura, 2024).
This allows the seamless integration of different modalities and allows them
to achieve state-of-the-art results on many tasks (Google AI Blog, 2023; The
Sage, 2024).

2.5 BERT

BERT (Devlin et al., 2018) is a model built as a Transformer encoder, which
makes it excellent at capturing the contextual and semantic structure of a
text (Pruthvi, 2025).

This ability derives from its pretraining using a technique called masked
language modeling (MLM), which consists in a random 15% of tokens being
masked during training while the model is required to output the original
unmasked sentence (Devlin et al., 2018). Among the masked tokens, 80% are



26 CHAPTER 2. BACKGROUND

replaced using the special [MASK] token, whereas the remaining is equally
split between being replaced with a random token and being left unchanged.

Despite their strengths, generic BERT models can struggle to deal with
specialized data without being fine-tuned (Amit, 2024).

2.6 Evaluation Metrics

Regardless of the specifics of the architecture or how it was trained, models
almost never perform perfectly at inference. Consequently, part of the pro-
cess of developing a model consists in evaluating the quality of the result it
produces (Sabetzadeh and Arora, 2024; Saravanan, 2021).

To do this, often a portion of the original data is excluded during training
and kept aside for evaluation. In other words, the dataset is split into a
training and a testing set (Leelapisuth, 2025). Any overlap between the two
is detrimental to the reliability of the evaluation, as it can inflate the scores
due to the model memorizing instances it was exposed to during training
(Lee et al., 2022), instead of learning to recognize patterns and applying
this knowledge at inference time. If the model can successfully recognize
these patterns on never seen before data it means it has learned to generalize
(Saravanan, 2021).

Another method to evaluate a model, often used when there is a limited
amount of data available, is k-fold cross validation. In this case the dataset is
divided into k subsets or folds. A model is trained on all these folds except for
one, which is used to perform the evaluation. This process is repeated until
each of the folds has been used for evaluation exactly once. The evaluations
are then averaged, and the final model is trained on all the data available
(Leelapisuth, 2025).

However, the use of an appropriate testing dataset is not enough to guar-
antee a reliable evaluation. The choice of which metric used for the assess-
ment also plays a major role, so ensuring the metric reported is appropriate
to the model and the task it performs is just as important as the values
obtained (Sabetzadeh and Arora, 2024).

For example, BLEU (Papineni et al., 2002) is an extremely common met-
ric used to compare a generated text to a reference, due to the ease and
speed of its computation. However, it has well-known weaknesses, among
which stands out the fact that it takes neither meaning nor sentence struc-
ture into account (Tatman, 2019). While it may still be useful when applied
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to a task such as machine translation, it is less than ideal for text generation
tasks that are not constrained to close parallelism to the input, such as image
captioning.

Different metrics may also highlight different aspects of a model’s per-
formance, thus it may perform better according to some metrics and worse
according to others. Using multiple metrics is therefore advisable (Saravanan,
2021). In this work, four metrics are used to assess the quality of the mod-
els developed. ChrF++ and BERTScore compare the generated text against
the reference text, CLIPScore compares the former against the input picture,
and RefCLIPScore takes all three elements — picture, generated text, and
reference text — into account.

2.6.1 ChrF++

ChrF++ is a metric first developed for machine translation evaluation (Popović,
2015, 2017), and as such compares a text against a reference text (Popović,
2017). It is based on the chrF score, which calculates the overlap of character
n-grams present in the candidate and reference text. To do this, it computes
the F1 measure combining precision (how many character n-grams from the
candidate are present in the reference) and recall (how many character n-
grams from the reference are present in the candidate text) (Popović, 2015).
ChrF++ extends chrF with the addition of word uni-grams and bigrams for
a better correlation to human judgment (Popović, 2017).

Like BLEU, this metric is fast and language independent (Popović, 2017),
but its use of character n-grams makes it less sensitive to exact spelling and
morphology. Indeed, whereas BLEU requires exact word matches and treats
different inflected forms or spelling variants as distinct, chrF++ can reward
even partial matches (Hassan, 2025).

2.6.2 CLIPScore

CLIP (Radford et al., 2021) is a multimodal model with the ability to map
both text and images to the same embedding space. This means that the em-
beddings it produces for either type of input are comparable across modalities
(Rustamy, 2023).

CLIPScore takes advantage of this, resulting in a multimodal metric that
does not require a reference. Instead, it compares the embeddings of an
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image with those of a text, and calculates the cosine similarity between the
two (see Appendix), making it especially suited to evaluate tasks such as
image captioning (Hessel et al., 2021).

2.6.3 RefCLIPScore

RefCLIPScore extends CLIPScore by considering a reference text in addition
to the input image and output text previously mentioned. To achieve this, it
computes the cosine similarity of the candidate caption against the reference
(see Appendix) and calculates the harmonic mean between this value and
the result of CLIPScore (Hessel et al., 2021).

The use of the harmonic mean means that situations where one similarity
is much better than the other are penalized, and more weight is assigned to
the lower value (Kamat, 2023), making the overall measure more balanced
and conservative.

2.6.4 BERTScore

BERT (Devlin et al., 2018), as introduced in Section 2.5, is a model that
employs context embeddings, vectorial representations of a word that do not
just reflect the word itself, but also the context in which it appears (Devlin
et al., 2018; Zhang et al., 2019).

BERTScore is a metric obtained by calculating the cosine similarity (see
Appendix) between the context embeddings of two sentences (Zhang et al.,
2019), which means it takes semantics into account. In addition to this
strength, BERTScore is also relatively fast, robust and correlates well with
human judgements (Zhang et al., 2019).

In this work, two BERT models were used to calculate this metric: the
first, “dbmdz/bert-base-italian-uncased” 1, was used for Italian, while the
second, “google-bert/bert-base-uncased” 2, was used for English. The un-
cased model was preferred for both languages due to the input texts featuring
irregular capitalization at the beginning of the instances (see Section 3.2),
thus the choice of these models should prevent this characteristic from skew-
ing the scores.

1https://huggingface.co/dbmdz/bert-base-italian-uncased
2https://huggingface.co/google-bert/bert-base-uncased

https://huggingface.co/dbmdz/bert-base-italian-uncased
https://huggingface.co/google-bert/bert-base-uncased
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Data

For the image captioning task a multimodal dataset that pairs an image with
a corresponding text or caption is required. This makes the Giallo Zafferano
website (Giallo Zafferano, 2026) an ideal source, as each step of every recipe
is aligned with a picture of the action described in the text, as shown in
Figure 3.1.

Figure 3.1: Recipe instruction as displayed on (Giallo Zafferano, 2026).

29
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3.1 Languages

The website is available in multiple languages, although not all recipes have
been translated into all languages. This opens the question about which
language (or languages) is best suited to use in this project. The choice is
non-trivial as some options bring different advantages and disadvantages to
the table, especially in light of the fact that the texts in most of the languages
available are translations.

Italian, as the source language, has the largest amount of material avail-
able (∼7k recipes). Gastronomy is also an area of widespread interest in
Italian culture; therefore, it can be assumed the domain-specific language
is well-known and understood among most speakers, which in turn is likely
reflected in the contents of this website. This makes it a good dataset to use
to train neural models to perform tasks related to this domain.

However, the language itself is not as widespread as others, which means
fewer pretrained models will be available for adaptation. The dataset being
of moderate size means that training a model from scratch is not possible
even when disregarding other issues like the available timeframe or computing
power.

On the other hand, the English recipes are fewer in number (∼2k) and
are the result of a translation process, with the unavoidable ensuing char-
acteristics. A translation has to balance fidelity to the source material with
the sometimes arduous task of fluently expressing the same concept in the
target language, which results in effects like simplification and interference
that effectively mean the translated language can be considered a dialect of
the original (Volansky et al., 2015). This is especially relevant when fine-
tuning a pretrained model, as there is a chance the non-standard language
variety might make it harder for the model to learn to recognize linguistic
patterns. (Srivastava and Chiang, 2024). Increasing the amount of data can
help overcome these difficulties, and this strategy is especially effective for
lexical and semantic variation (Srivastava and Chiang, 2024), which are also
concerns when adapting to a highly specialized domain and its specialized
terminology.

The quality of the translation is important as well, because models may
also struggle when dealing with text that contains misspellings, typos, and
grammatical errors (Srivastava and Chiang, 2024). The specific translation
technique used for this website is unconfirmed, though comparison of source
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and target recipes suggests post-edited machine translation. The reason for
this belief comes from the fact that translation features a sometimes slightly
awkward adherence to the flow of the source. For instance this can happen
when the source text uses long intricate sentences, which are not as common
in everyday Enslish as in Italian. At the same time, the translation tends
to appropriately localize expressions and geographical references beyond the
mere language change, inserting contextual knowledge that is not obvious
to non-Italian readers. The first characteristic suggests the work of an au-
tomated system, while the second makes some kind of human intervention
likely. With the latter being assumed, it was also assumed the human trans-
lator or post-editor would have caught and corrected any major language
issues or mistakes, making the resulting dataset acceptable with respect to
quality.

Given the prominence of the English language in the NLP field (Ore,
2022), these issues may be balanced out by a much wider selection of pre-
trained models available, with the consequent option of fine-tuning the one
most suited to the task within the external limitations of this project.

The website is also available in other languages, such as French or Spanish.
These share with English the issues that arise from being translated texts,
and with Italian the availability of a smaller number of pretrained models.
Given the lack of upsides, they were excluded from consideration.

The final decision was to run experiments with both English and Italian,
using different architectures depending on the pretrained models available.

3.2 Cleaning and Preprocessing

The raw dataset contains 7,116 recipes, each of them having an Italian version
and some an English version. A total of 67 recipes are missing some portion
of the data, either the pictures or in one case the text, making them unusable
for this task.

Excluding these, the textual data was extracted from the other recipes
using regex, leveraging sentence boundaries and the numbering of the steps
to identify instruction boundaries.

Since an instance may contain multiple steps, this sometimes resulted in
incomplete sentence snippets. The possibility of discarding the shortest and
presumably least meaningful among them was considered, but closer exam-
ination revealed this to be unadvisable. Instructions such as “aggiungete il
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lievito” and “e il sale” share the same number of tokens, yet one is a complete
and clear instruction that does not need further context to be understood.
Even shorter valid instructions exist, such as “e servitelo,” in which the first
token could easily be omitted without making the instruction any less mean-
ingful. In other words, the length of a text snippet is not a good indicator
of its usefulness for the purpose of this task.

The exploration of the data further revealed that the use of formatted and
unformatted apostrophes was inconsistent in the dataset, so all instances of
the former were replaced with the latter as part of the cleaning process. This
was done because the use of one type of apostrophe over the other is aleatory
and not a relevant pattern for the model to learn and imitate.

Each step was then matched with the corresponding image thanks to the
numbering included within the text itself and in the image filenames.

Some of the recipes turned out to contain a mismatched number of
instructions and images. Manual examination of some of these instances
showed that the numbering of some instructions had been omitted in the
text, but the instructions where the numbering was present were correctly
labeled and matched to the corresponding picture. This could have poten-
tially made it possible to include only the correctly numbered pairs in the
final dataset. However, ascertaining this was always the reason for the mis-
match would have required manually checking all the recipes involved, which
was deemed too large a task to manage in a reasonable timeframe. As such,
all the recipes where the mismatch occurred were excluded from the dataset.

From the English raw data 606 recipes had to be discarded due to con-
taining such a mismatch, resulting in 1,554 recipes being used. From these,
an initial count of 31,365 image-instruction pairs were obtained.

From the Italian raw data, 2,188 recipes presented the same issue, which
resulted in the use of 4,861 recipes, for an initial count of 96,360 image-
instruction pairs.

At this point these raw pairs were screened for duplicates, as deduplica-
tion of a dataset has been shown to improve a model’s ability to generalize
(Aghabagherloo et al., 2025; Lee et al., 2022). This assessment was done for
both images and instructions.

The texts were lowercased and stripped of numbers, punctuation, and
extra spaces to make the search slightly fuzzy. The images were hashed
with the MD5 algorithm, which turned each of them into an alphanumerical
string, with identical images resulting in the same string (Godse, 2023). Even
a single dot of a different color is enough to obtain a different hash string, as
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Figure 3.2: Example of the use of the MD5 algorthm.

shown in Figure 3.2. Due to this sensitivity to the minimum variation, the
algorithm was applied only to the upper 70% of the image. This excluded
the numbering in the lower right corner, which is not always present and is
likely to vary even if the same picture is reused in different recipes.

Regardless of whether the string thus obtained was a cleaned text or a
hash string, the deduplication itself was performed by leveraging the fact
that the lookup of a dictionary key in python has a constant cost. In other
words, starting from an empty dictionary, the cleaned text was compared to
the keys already present in it. If a match was found, the instance was marked
as duplicate, and if not, it was added to the dictionary. Then the process
was repeated for the next instance until all instances had been checked. Only
image-text pairs in which both elements were duplicates were removed from
the dataset.

In English, 3,741 text duplicates were found, as well as 44 image du-
plicates. However, only 10 instances contained duplicate elements for both
image and text, resulting in a final dataset of 31,355 image-text pairs.

In Italian, the number of text duplicates turned out to be 13,535 and that
of image duplicates 258. The number of pairs in which both elements were
duplicate was instead 143, resulting in a final number of 96,217 image-text
pairs. The final dataset statistics are summarized in Table 3.1.

The dataset was then deterministically shuffled and divided between train-
ing, development, and testing, each containing 85%, 5%, and 10% of instances



34 CHAPTER 3. DATA

English Italian

Initial Number of Recipes 7,1161 7,116
Recipes Missing Data 4,9562 67
Recipes Containing all Data 2,160 7,049
Recipes with Image-Picture Mismatch 606 2,188
Recipes Used to Build the Dataset 1,554 4,861
Initial Number of Image-Caption Pairs 31,365 96,360
Caption Duplicates 3,741 13,535
Image Duplicates 44 258
Both Image and Caption Are Duplicate 10 143
Final Number of Image-Caption Pairs 31,355 96,217

Table 3.1: Dataset Statistics

respectively.

As a last preprocessing step these subsets were converted into tensors
using the appropriate tokenizer and feature extractor and saved in that for-
mat. This avoided having to repeat this portion of the process with every
test during the experimental phase, speeding up the work.

3.3 BERT-Specific Preprocessing

Fine-tuning BERT required a slightly different preprocessing of the dataset.
First of all, only one language was used for this task, Italian, as only one
BERT model was adapted. Secondly, only textual data was necessary, which
made it possible to include text portions from the original data that do not
have the same close alignment with pictures. This means that the recipes
presenting a mismatch between the number of pictures and instructions could
be included. Additionally, the paragraph presenting the recipe was also ex-
tracted from every recipe and added to the tally, as it too contains fluent
in-domain text.

1Not all recipes are translated, but an estimate of the original number of English recipes
is difficult to obtain due to some recipes missing some data. See next row for more details.

2The count includes untranslated recipes, as well as recipes that are missing a portion
of the relevant data.
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In order for the model to learn context and long-range dependencies,
splitting the dataset in short snippets would have been counterproductive.
Instead it was split into paragraphs, and each paragraph became a data
instance. This preserves as much context as possible without exceeding the
model’s maximum allowed length in token.

This made the deduplication less effective: while no duplicate paragraphs
were found using the technique described in Section 3.2 it is entirely possible
the paragraphs may contain duplicate sentences or portions of sentences. The
potential presence of any such repeated subsection was deemed to be less of
a problem than damaging the context to remove them would have been.

The data was then lowercased to match the specifics of the model chosen,
deterministically shuffled and split into training, development, and testing in
the same percentages used before, 85%, 5%, and 10%. As a last step before
training, 15% of tokens, selected randomly, were masked, matching BERT’s
original training strategy.

3.4 Biases

Learning representations from data means that models also learn the inherent
biases contained within such data (Klein and D’Ignazio, 2024), which makes
knowledge of the dataset used and of its limitations a necessary element of
the process of building a model.

The data used for this project comes from an Italian website, which means
the recipes it contains are mainly from Italian gastronomy. Any foreign recipe
present has likely been adapted to Italian taste and product availability.
Consequently, any model trained on this dataset will yield better results
when used to perform inference on data with these same qualifications, and
may not achieve the same performance when used on recipes from other
gastronomic traditions.
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Chapter 4

Experiments and Results

A translational approach was chosen for this project, thus requiring a model
with an encoder capable of transforming the input image into a representation
the decoder can work with, while the decoder itsel is aimed at producing
text starting from the encoding of the image (He et al., 2020). Two different
ways to achieve this were implemented, one for each of the languages used,
leveraging different pretrained models.

Each of the sections in this chapter details the fine-tuning process and
evaluation of a different model. The first two are image-captioning models
developed for the main task, one for each of English and Italian. For each
of these a qualitative discussion of the results is included in order to better
understand the scores assigned by the chosen metrics. The third section dis-
cusses the adaptation of the BERT model used for evaluation in Section 4.2.

4.1 Baseline and Fine-Tuned Model

For English, the pretrained model “ydshieh/vit-gpt2-coco-en” 1 was used as
a starting point. This is a Vision Encoder Decoder Model, built using a
Vision Transformer as the encoder and GPT2 as the decoder, thus fulfilling
the qualifications for the chosen translational approach.

It is worth noting that this model is trained on a more traditional style
of captions, so it tends to output nominal sentences to describe the image.
Consequently, fine-tuning serves the double purpose of domain and style

1https://huggingface.co/ydshieh/vit-gpt2-coco-en

37
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Model ChrF++ CLIPScore RefCLIPScore BERTScore
Baseline 27.786 0.282 0.407 0.430
Fine-Tuned 33.807 0.275 0.419 0.649

Table 4.1: Comparison between the results of the baseline and adapted En-
glish models in terms of four metrics.

adaptation.

The model was fine-tuned on the English dataset, matching its original
training language. A first implementation was attempted using the Hugging
Face trainer class 2. However, ensuing issues caused the strategy to be aban-
doned in favor of a PyTorch loop 3. The training was set to run for 5 epochs
with a learning rate of 5 × 10−5. Early stopping with patience 2 was used.
Fine-tuning ran for 3 epochs, with the best validation results being achieved
after the first epoch.

The median value of the evaluation is reported for CLIPScore, RefCLIP-
Score and BERTScore. The median is used because applying the Shapiro-
Wilk test on a sample of size 1000 of the scores showed that nearly all their
distributions are close to but still significantly differ from a normal distribu-
tion, as shown in Figures 4.1 and 4.2. This makes the mean an unsuitable
measure of central tendency for these results (Mishra et al., 2019). The
lone exception that does not significantly differ a normal distribution is the
BERTScore of the baseline model. In this case the median was reported for
consistency with the other measures.

Unlike the other metrics, ChrF++ was computed for every individual
instance and at the corpus level. The latter score is the one reported in
Table 4.1, so there was no need to use a measure of central tendency for
it, nor was checking the shape of the distribution necessary. The results
of the Shapiro-Wilk Test for ChrF++ are nevertheless included in picture
Figure 4.2 for completeness.

All results of the Shapiro-Wilk tests are listed below the histograms of
the respective score distributions in Figures 4.1 and 4.2.

2https://huggingface.co/docs/transformers/en/main_classes/trainer
3https://docs.pytorch.org/docs/stable/index.html

https://huggingface.co/docs/transformers/en/main_classes/trainer
https://docs.pytorch.org/docs/stable/index.html


4.1. BASELINE AND FINE-TUNED MODEL 39

(a) CLIPScore (Baseline)
W=0.9964, p-value=0.0215

(b) CLIPScore (Fine-Tuned)
W=0.9986, p-value=0.0106

(c) RefCLIPScore (Baseline)
W=0.9843, p-value=6.879e-9

(d) RefCLIPScore (Fine-Tuned)
W=0.9961, p-value=0.0124

Figure 4.1: Histograms of the distributions of CLIPScore and RefCLIPScore
(English). The baseline model is on the left and the adapted model on the
right. W refers to the Shapiro-Wilk Test.
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(a) ChrF++ (Baseline)
W=0.9414, p-value<2.2e-16

(b) ChrF++ (Fine-Tuned)
W=0.8573, p-value<2.2e-16

(c) BERTScore (Baseline)
W=0.9978, p-value=0.2159

(d) BERTScore (Fine-Tuned)
W=0.9937, p-value=0.0003

Figure 4.2: Histograms of the distributions of ChrF++ and BERTScore (En-
glish). The baseline model is on the left and the adapted model on the right.
W refers to the Shapiro-Wilk Test.

The scores reported in Table 4.1 show that the training improved the En-
glish model’s performance according to all metrics except CLIPScore, whose
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value instead worsened with adaptation.
Comparing the distributions of the scores of both models for the same

metric, it is easy to see the improvement reported by both ChrF++ and
BERTScore. The distributions associated with the two models have a some-
what similar overall shape, but the ones associated with the adapted model
cluster around higher scores and extend to the highest possible ranges, which
they did not reach in the baseline model. Low scores are still present, but
they have clearly diminished in number.

On the other hand, CLIPScore and RefCLIPScore show minimal improve-
ment in the range of their scores, with fewer instances being evaluated in the
lower end of the range for the adapted model, but no correspondingly no-
ticeable increase in the upper range. CLIPScore also shows a major change
in the frequency of the most common values. While the range of the results
remains somewhat similar, the peak density of the mode is only about half
as high in the adapted model compared to the baseline. The lower medians
suggest the density increased in the lower ranges instead. This leads to ques-
tions about why these two metrics, CLIPScore especially, report results so
markedly different from the other two.

A reason for the small improvement or lack of improvement reported by
some of the metrics may be the fact that the original model was trained on a
different style of captions. Consequently, it tends to output text as nominal
descriptive sentences, such as “a bowl of food with a spoon in it”, which
differs significantly from the style of the reference captions. Examining the
captions generated by the adapted model confirms that it successfully learned
to mimic the style of the fine-tuning dataset. However, having to learn to
output text in a different style certainly made the adaptation more difficult,
which is probably reflected in the results.

The results of the evaluation performed using CLIPScore and to a lesser
degree RefCLIPScore probably suffered due to this difference in format.
CLIP’s tendency to perform better when the text associated with the picture
follows the template “a photo of...” was noticed since its creation (Radford
et al., 2021), and this format does not match that of the captions in this
dataset, nor that of the captions generated by the adapted model. However,
the baseline model tends to output results in a format that is closer to the
one CLIP favors, so this may be the reason why CLIPScore evaluated the
baseline model better than the adaptation.

In order to obtain a more reliable evaluation of the fine-tuned model us-
ing CLIPScore, adding the string “a picture of...” to the dataset for further
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experiments was considered, but in the majority of cases it would have made
the resulting sentence nonsensical. Consequently, it would have likely wors-
ened most if not all the scores, so the idea had to be discarded. This is before
even considering how such an addition would have negatively impacted the
final purpose of the captions, making the resulting instructions less fluent
and harder to follow.

Among the metrics used, BERTScore does not take into account the
image part of the dataset, but it is known for considering semantics (Zhang
et al., 2019). The fact that this metric showed the greatest improvement
shows that the format of the caption is not the only aspect influencing these
results.

A qualitative analysis of the results of the adapted model confirms that
there is more to consider. Table 4.2 shows some examples of generated cap-
tions alongside their input image, their reference, and their individual scores.
This is not a representative sample of the model’s results; these specific ex-
amples were chosen because they offer insights relevant to the discussion.

In Example 1, the hypothesis and reference caption match perfectly, yet
only ChrF++ and BERTScore reflect this. CLIPScore assigns a low simi-
larity score, suggesting that, according to CLIP, the image and caption are
poorly matched. RefCLIPScore too assigns a score below the model’s me-
dian, further supporting this theory.

It is possible CLIP does not consider the images and references captions
paired in the dataset to be good matches, which means it may consistently
underscore the performance of a model trained on this data. This discrepancy
also calls into question the reliability of any score assigned by CLIPScore or
RefCLIPScore when used on this dataset. A systematic and time-consuming
manual evaluation of the results is likely required for definitive confirmation,
but even without it caution may be advised when deriving insights from these
scores.

Example 2 in Table 4.2 shows a different situation in which the generated
caption is excellent, especially considering it was generated from the picture
alone without any further context. It is also completely different from the
reference, which is reflected in all scores. However, in this case it is probably
the reference which is lower quality, as it contains unnecessary noise.

Example 3 in Table 4.2 shows a case in which the only correct part of the
hypothesis caption is the numbering. The seemingly ungrammatical style of
the caption follows some of the patterns seen in the dataset, so the perfor-
mance is better than it may appear at first glance. Additionally, the picture
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Input Results

1

Hypothesis: Deglaze with white wine
<12>
Reference: Deglaze with white wine
<12>
CF CS RCS BS
100.000 0.247 0.397 1.000

✓

2

Hypothesis: and then whip it with an
electric whisk <26>
Reference: After the cooling time, you
can focus on the decoration: whip the
cream with the powdered sugar <26>
CF CS RCS BS
14.397 0.216 0.346 0.592

✓

3
Hypothesis: and pepper <11>
Reference: and use a blowtorch to ob-
tain a crunchy, caramelized crust <11>
CF CS RCS BS
9.973 0.235 0.366 0.583

×

4

Hypothesis: Remove the broccoli from
the middle stalk <1>
Reference: To prepare the coconut fried
rice, clean the broccoli, remove the outer
leaves, separate the florets <1>
CF CS RCS BS
23.336 0.346 0.493 0.681

∼

Table 4.2: Qualitative results of the fine-tuned English model. For read-
ability the names of the metrics were shortened to CF for ChrF++, CS for
CLIPScore, RCS for RefCLIPScore, and BS for BERTScore. The mark on
the right represents whether the caption should be considered as correct.

could be considered slightly ambiguous. While a human would be capable
of inferring from contextual clues that there is no way the picture could
represent the hypothesized instruction, it is also evident where the model’s
incorrect assumptions originated.

Considering the model’s limited ability to infer context, together with the
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fact that the original pictures are small and not always of the highest quality,
this picture could potentially be assumed to represent the use of a tool to
scatter an ingredient on the preparation, an ingredient that is darker than the
underlying material. After these considerations, the model’s guess no longer
appears as far-fetched an interpretation. Nevertheless, it is incorrect, yet
both CLIPScore and RefCLIPScore rate it higher than the previous example,
casting further doubt on their reliability on this dataset.

Another pattern the model appears to have captured successfully is the
fact that instructions numbered “<1>” should start with the beginning of
a sentence, as shown in Example 4, as well as several other instances. The
instruction generated for this example is more direct and less noisy than the
reference, although the omission of the word “floret” may cause momentary
confusion since “broccoli” typically refers to the whole vegetable. Overall it
can be considered a suitable caption for the input picture, yet, once again, it
would be difficult to reach this conclusion from the scores alone, even though
they report better results than for some of the previous examples.

From these examples, BERTScore emerges as probably the most reliable
metric, so BERT was fine-tuned on this dataset in the hope it would im-
prove the model’s accuracy for the evaluation of the next image captioning
experiment.

4.2 Prefix-Tuned Model

A pretrained model fulfilling the required characteristics could not be found
for the Italian language, thus requiring a different approach. This led to
using two independently trained models, one for images and one for text,
with the addition of a lightweight mapping network in between to bridge the
modalities as in ClipCap (Mokady et al., 2021).

The model chosen to encode the image is CLIP, which is trained to map
images and their associated captions to the same embedding space through
the use of contrastive loss. In other words, during the training process, the
model learns to maximize the cosine similarity (see Appendix) of the em-
beddings of matching image-caption pairs and minimize that of mismatched
pairs (Radford et al., 2021; Rustamy, 2023). To this purpose, CLIP is made
up of two encoders, one for images and one for text (Mokady et al., 2021;
Radford et al., 2021). The image encoder is language-agnostic, whereas the
text encoder is not.
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Figure 4.3: Overview of ClipCap prefix-tuning (Mokady et al., 2021).

For the purpose of this prefix-tuning task only the image encoder was nec-
essary. Nevertheless, a multilingual version of CLIP was preferred, because
the ensuing evaluation stage required the use of a version of CLIP compat-
ible with the Italian language, and using the same model for both stages of
the pipeline saved on memory resources. The model chosen was “sentence-
transformers/clip-ViT-B-32-multilingual-v1” 4, which encodes over 50 lan-
guages, including Italian (Sentence-Transformers, 2021).

While the multilingual version of CLIP was chosen for convenience, a de-
coder language model capable of producing output in Italian was mandatory.
A suitable monolingual model proved elusive, so another multilingual model
was selected, having care to pick one that included Italian among its lan-
guages. The choice landed on “ai-forever/mGPT” 5. This model was trained
on 61 languages, including Italian, with data from Wikipedia and the C4
Corpus (Shliazhko et al., 2022).

Figure 4.3 shows an overview of the combined model architecture and
data flow. The embedding generated by CLIP is passed through this map-
ping network, which turns it into a fixed length prefix. This is then passed
to mGPT, which begins the generation conditioned on this prefix (Mokady
et al., 2021).

The use of two separate models combined into one architecture, includ-
ing a decoder which contains 1.3 billion parameters (Shliazhko et al., 2022),
would normally require lengthy fine-tuning. However, the chosen strategy
offers a faster solution. Instead of fine-tuning the whole models, their pa-

4https://huggingface.co/sentence-transformers/clip-ViT-B-32-

multilingual-v1
5https://huggingface.co/ai-forever/mGPT

https://huggingface.co/sentence-transformers/clip-ViT-B-32-multilingual-v1
https://huggingface.co/sentence-transformers/clip-ViT-B-32-multilingual-v1
https://huggingface.co/ai-forever/mGPT
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Model ChrF++CLIPScore RefCLIPScore
BERTScore
(Baseline)

BERTScore
(Adapted)

Prefix-
Tuned

59.116 0.245 0.388 0.715 0.711

Table 4.3: Results of the Italian model in terms of five metrics.

rameters are frozen, and only the parameters of the small mapping network
added in between are adjusted during the fine-tuning process. This has the
additional effect of lowering data requirements, making adaptation possible
even with a dataset of moderate size (Mokady et al., 2021), which makes this
strategy ideal for this project.

Even with the majority of the parameters frozen and thus not updated
during the fine-tuning process, the forward passes through the model still
require extensive computation, making mixed precision 6 a necessity to reduce
the time required to a more reasonable amount (Micikevicius et al., 2017).
Thus, Mixed Precision was added to the PyTorch loop implementation. The
learning rate selected was 5 × 10−5, and the training was set to run for 5
epochs. Early stopping and patience 2 were implemented to avoid using
unnecessary resources on a computationally expensive process.

The fine-tuning for this model ran for the full 5 epochs, reporting im-
provement at every epoch. It could have potentially been trained further,
but time constraints prevented it. Table 4.3 reports the results obtained af-
ter these 5 epochs, including BERTScore calculated with an adapted model
whose fine-tuning is described in Section 4.3.

6While training a model, mixed precision is used to store floating point numerical in-
formation using more or less memory. Using higher precision occupies more memory and
generally leads to slower computation, but more precise and stable calculations. Con-
versely, using lower precision has the opposite effect. However, depending on the specific
operations performed, the loss of quality caused by using lower precision can sometimes
be minimal or irrelevant. Consequently, there are times, such as during the forward pass
through the model, when an acceptably small loss in numerical accuracy can bring about
a major reduction in computing time. On the other hand, precision is fundamental during
certain operations, such as when updating the model weights. In this case, using lower
precision could lead to undesirable results. Thus, mixed precision allows the reduction
of training time by using lower precision where possible, while still ensuring the model’s
quality by using higher precision where numerical accuracy is critical. (Micikevicius et al.,
2017).
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(a) CLIPScore Shapiro-Wilk Test:
W=0.9868 p-value=7.97e-8

(b) RefCLIPScore Shapiro-Wilk Test:
W=0.9915 p-value=1.631e-5

(c) ChrF++ Shapiro-Wilk Test:
W=0.7842 p-value<2.2e-16

Figure 4.4: Histograms of the distributions of the scores (CLIPScore, Ref-
CLIPScore, ChrF++) of the prefix-tuned model (Italian).

As in Section 4.1, the aggregated results for all metrics except ChrF++
are reported using the median value, as Shapiro-Wilk tests performed on a
sample of 1000 instances revealed the distributions significantly differ from
a normal distribution. The results of these tests are reported in Figures 4.4
and 4.5, below the histogram of the respective score distribution. Again, the
test on the ChrF++ scores was included for completeness.

Having no baseline against which to compare these results makes them
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(a) BERTScore (Baseline)
Shapiro-Wilk Test:
W=0.9658, p-value=1.397e-14

(b) BERTScore (Adapted)
Shapiro-Wilk Test:
W=0.9754, p-value=5.558e-12

Figure 4.5: Histograms of the distributions of the scores (Baseline and
Adapted BERTScore) of the prefix-tuned model (Italian).

difficult to interpret, although they appear in line with the results obtained
by the fine-tuned English model. However, it should be noted that the test
sets used in the two experiments are different, which means the results of the
two models are not comparable. Consequently, the only thing that can be
inferred by looking at their results side by side is that the values reported in
Table 4.3 are probably reasonable and no obvious methodological error was
committed during the training procedure.

CLIPScore and RefCLIPScore report a low similarity between the input
image and the generated caption in this case as well, as they did for the pre-
viously analyzed image-captioning models. On the other hand, BERTScore’s
higher similarity suggests the previous two metrics may once again not be
very reliable. The BERTScore calculated with the adapted BERT model is
just shy of that obtained with the baseline model, suggesting an increased
sensitivity to the specifics of the domain.

The distributions of the results obtained by the various metrics, shown
in Figures 4.4 and 4.5 are similar to those in Section 4.1. ChrF++ shows a
similar skew towards the lower end of the range, while at the same time oc-
casionally reaching the highest possible scores. Both versions of BERTScore
also reach the higher parts of the possible range, whereas CLIPScore and
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RefCLIPScore do not.

The difficulty of interpreting these scores makes performing a qualita-
tive analysis even more important for this model. Table 4.4 reports some
examples for this purpose. As before, it is not a representative sample.

Example 1 in the table shows the model can find it hard to tell some
ingredients apart. The picture may not be the clearest in this case, or maybe
the absence of the numbering in the lower right corner could also contribute
to the model’s confusion, even though the dataset contains multiple unnum-
bered examples. Regardless of the reason, the output is poor both grammati-
cally and semantically. The adapted BERT model seems to be more adept at
recognizing these issues than the baseline model, whereas the other metrics
do not adequately capture and reflect the problem.

Example 2 further supports the theory that the absence or differing style
of the numbering in the lower right corner is causing the model trouble. In
this case, a not very visible number is present, yet the model failed to detect
it and replaced it with an incorrect guess. The rest of the image is cryptic to
interpret for a human as well, and so is the reference, making it difficult to
adequately assess the suitability of the hypothesis caption. Looking at the
picture, it could be supposed the preparation is some kind of dessert, which
makes butter a plausible ingredient. Checking the original recipe revealed the
addition to be a previously prepared mixture of various ingredients, including
cocoa, salt and baking powder (Giallo Zafferano, 2026). In other words, the
model could have never made a perfect guess with the information it had
available, and it could have certainly generated worse captions.

Example 3 in table Table 4.4 is very good, despite once again lacking the
numbering. The hypothesis caption and the reference are semantically well
matched, and both ChrF++ and BERTScore reflect this in their scoring. On
the other hand CLIPScore and RefCLIPScore confirm their unreliability on
this dataset by rating this caption the lowest among these examples despite
it being unquestionably the best so far.

Example 4 contains an attempt by the model to produce a more artic-
ulate caption. In the original recipe the ingredient was onion rather than
shallot, yet the difference between the two vegetables can be considered mi-
nor if not irrelevant, as the latter is a type of onion. Visually, it is virtually
indistinguishable from the ingredient shown in the image, which makes the
guess surprisingly accurate, and possibly better than some humans may do
when given the same context-scarce information.
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Input Results

1

Hypothesis: Per preparare il risotto con
le zucchine e le zucchine, iniziate a pulire
le zucchine <1>
Reference: Mondate i porri, tagliate la
base, eliminate le foglie verdi e il primo
strato di buccia <3>
CF CS RCS BSb BSa
17.712 0.290 0.432 0.701 0.666

×

2
Hypothesis: e il burro fuso <7>
Reference: e aggiungetene metà al com-
posto precedentemente preparato <5>
CF CS RCS BSb BSa
7.236 0.225 0.363 0.726 0.750

×

3
Hypothesis: Unite i pinoli <8>
Reference: Aggiungete anche i pinoli
<19>
CF CS RCS BSb BSa
36.325 0.198 0.328 0.875 0.874

✓

4

Hypothesis: In una padella capiente fate
rosolare lo scalogno <5>
Reference: e fatela rosolare in una
padella antiaderente con un filo di olio
<5>
CF CS RCS BSb BSa
40.540 0.256 0.405 0.813 0.804

✓

5

Hypothesis: e la scorza grattugiata di
un limone <2>
Reference: e aromatizzate con mezza
scorza di limone, avendo cura di gratu-
giare solo la parte colorata <2>
CF CS RCS BSb BSa
25.596 0.256 0.406 0.757 0.750

✓

Table 4.4: Qualitative results of the prefix-tuned Italian model. For read-
ability the names of the metrics were shortened to CF for ChrF++, CS for
CLIPScore, RCS for RefCLIPScore, BSb for BERTScore (Baseline), and BSa
for BERTScore (Adapted). The mark on the right represents whether the
caption should be considered as correct.
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Example 5 in Table 4.4 contains an excellent hypothesis caption that
is more direct and less noisy than the reference. Again, the model does
not consider any further context, not even details a human with in-domain
knowledge could have inferred from the image alone, as in this case. Un-
expectedly, the evaluation with the adapted BERT assigns the same score
to this instance and to the second example, whereas baseline BERT allows
to discriminate their quality slightly better. Without an accurate manual
evaluation it is, however, impossible to assess whether the difference between
the two versions of BERT is in any way significant or merely a coincidence.

These examples, as well as those discussed in Section 4.1, show that results
provided by both CLIPScore and RefCLIPScore have to be discarded as too
unreliable to be of much significance. Consequently, Chrf++ turns out to
be the second best metric among those employed, despite its reliance on the
surface form of the sentence over its meaning limiting its ability to properly
evaluate any caption that fully paraphrases the reference. At the same time,
its use of character n-grams allows it to capture in-domain terminology that
may not have a possible synonym, such as limone, padella, rosolare. This
applies even when the term is used in a slightly different form, such as in
the case of grattugiare and grattugiate. In other words, ChrF++ appears
capable of recognizing some high quality captions, but may penalize many
others that are just as good. Unfortunately, the distributions of its scores
tend to skew towards the lower end of the range, as shown in Figures 4.2
and 4.4, making its usefulness limited.

4.3 BERT Fine-Tuning

Given the nature of the dataset used for this project, the consideration made
in Section 2.5 about BERT sometimes struggling to deal with specialized do-
mains likely applies, so the model “dbmdz/bert-base-italian-uncased” 7 was
selected for finetuning. The model was pretrained on Wikipedia and texts
from the OPUS corpora collection, which means it has already seen some
in-domain data thanks to Wikipedia gastronomy pages. As a consequence
even baseline performance could be acceptable, although fine-tuning is still
likely to improve it.

The model was fine-tuned using the same masked language modeling tech-

7https://huggingface.co/dbmdz/bert-base-italian-uncased

https://huggingface.co/dbmdz/bert-base-italian-uncased
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Model K=1 K=5
Baseline BERT 60.95% 76.82%
Adapted BERT 73.18% 82.74%

Table 4.5: Comparison between the performance of the baseline and adapted
versions of BERT.

nique that was employed in its pretraining, which is described in Section 2.5.
This training was implemented through the use of Hugging Face’s Trainer
class, which allowed to control more hyperparameters than during the other
experiments without the job exceeding the timeframe available. The model
was set to train for 15 epochs with a learning rate of 5 × 10−5 and a linear
warmup rate of 0.15, providing a dynamic learning rate schedule to increase
the stability of the process (Kalra and Barkeshli, 2024). A 0.01 weight decay
was further used to help the model learn to generalize better, while mixed
precision (Micikevicius et al., 2017) and early stopping with patience 2 were
implemented to make the training more efficient. Fine-tuning ran for 11
epochs, with the best validation result reported at the end of epoch 9.

The baseline and adapted models were then tested using top-k sampling,
that is to say, it was verified whether the original token was among the
model’s top-k choices for the masked token replacement (Gogo-Job, 2025).
Table 4.5 reports the success percentages of the models, that is to say the
percentage of times the original token was present among the top-k selections.
This allows to compare the results between before and after the fine-tuning.

Despite the model having already seen data from the gastronomy domain
during pretraining, it is immediately obvious the fine-tuning was effective
and considerably improved its performance for both values of k.

This means the evaluations in Section 4.2 that were performed using this
adapted model may be more reliable than those performed using the baseline
model.



Chapter 5

Final Remarks

This project used a multilingual and multimodal dataset of recipes to fine-
tune two different image-captioning models to generate the cooking instruc-
tions associated with an input picture. The selected languages for the ex-
periments were English and Italian. The English data was used to adapt a
pretrained encoder-decoder image-captioning model to the desired style of
captions, whereas the Italian data was used to perform prefix-tuning as a
way to bridge the embedding spaces of CLIP and mGPT, thus leveraging
their pretraining.

The linguistic style and non-standard purpose of this task make it difficult
to rigorously assess the models’ performance, though results appear promis-
ing. Both models show the ability to correctly recognize domain-specific
tools and ingredients, sometimes from difficult to interpret visual informa-
tion, though errors can occasionally still occur. Their use of domain-specific
terminology is also appropriate. Where the context of the input picture is
insufficient to determine the correct instruction, the model has been shown
to output a reasonable guess based on the information it has available.

The quality of the results is particularly evident in the case of the English
adapted model, thanks to the possibility of comparing them against those
generated by the baseline model on the same testing set. The adapted model
showed an overall improvement in performance, and a qualitative analysis of
the data confirmed the style of the captions had changed to match the desired
style. Indeed, the generated captions of the adapted model are cooking
instructions, whereas the baseline model tended to ouput a description of
the picture. A similar comparison was not possible for the Italian model,
although once again a qualitative analysis of the results showed the desired

53
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style of the captions was successfully achieved by this model as well.
Overall, BERTScore is clearly the most reliable automatic metric among

the ones used, with the adapted version of the model being slightly stricter
in its judgments than the baseline, although the difference between the two
is minimal. BERTScore’s main limitation is that it does not consider the
input picture at all, and instead relies solely on the comparison between the
hypothesis and the reference text.

A manual evaluation would have provided a more accurate picture of the
results. Unfortunately, the time-intensive nature of such an endeavor meant
that performing it was not possible in the time available for this project.

Given the difficulties encountered when measuring the quality of the mod-
els with other metrics, even BERTScore should probably be subjected to
some tests to fully ascertain its reliability. Checking how it correlates to hu-
man judgment when used to evaluate this kind of non-standard application
of image captioning could help ensure the reliability of any results obtained
in further experiments using this metric.

Reducing the noise of the dataset could also help improve the model’s
performance, and could also make the evaluation easier. Longer captions
in particular may be noisy. A more in-depth examination of these may be
warranted if further experiments are conducted; if the tendency towards noise
is confirmed, removing long references from the dataset may improve the
quality of the data, and thus likely that of the final model.

However, this does not help when the issue is the lack of enough context
to correctly interpret the input image. A possible way to solve this issue and
turn some of the noise into useful content could be creating a model that
takes the flow of the whole recipe into account, and considers multiple steps
and their order before generating appropriate instructions. This would likely
require a model that is either recurrent or capable of considering multiple
input pictures at once. Given that recipes can frequently contain 20 or
30 steps with as many pictures, a trade-off between enough context and
computational expense may need to be found.

The topic could also be expanded in a different direction. For example,
testing whether it is possible to generate pictures to illustrate the various
steps of a recipe given its text. However, using automatic evaluation becomes
even more difficult if pictures are the expected output, because the best
automatic metrics found so far were those that compared the generated text
against the reference text and ignored the picture entirely.

While this work has shown the viability of this approach to perform this
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non-standard image-captioning task, alternative evaluation strategies may
need to be explored if further experiments are conducted, and a manual
evaluation should probably be performed despite the time and effort it re-
quires.
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Appendix

Dot Product and Cosine Similarity

The dot product compares two vectors of the same cardinality (Lane and
Dyshel, 2025), and reveals at which extent one is pointing in the same direc-
tion as the other (Nykamp, 2026).

The result of a dot product is always a scalar (Fleisch, 2018; Lane and
Dyshel, 2025; Nykamp, 2026), and its computation is commutative (Fleisch,
2018).

If the Cartesian coordinates of the vectors are known, as is typically the
case in the NLP field, the dot product can be calculated as follows:

A ·B = A1B1 + A2B2 + ...+ AnBn

The above formula is generalized to any dimension n, and can also be
written as:

A ·B =
n∑

i=1

AiBi

The dot product represents the projection of A in the direction of B
multiplied by the magnitude of B (Fleisch, 2018). As the projection of A in
the direction of B can be written as |A| cos θ (Fleisch, 2018), where θ is the
angle between the vectors, the dot product can also be written as:

A ·B = |A| |B| cos θ

where |A| and |B| represent the magnitudes (lengths) of the vectors.
The dot product can be used as a proxy for similarity, although it yields

higher values when the vectors have a larger magnitude. A better similarity
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result can be obtained by normalizing both sides of the equation for length,
that is, by dividing both sides by the product of the magnitudes of A and
B.

|A| |B| cos θ
|A| |B|

=
A ·B
|A| |B|

This becomes the operation called cosine similarity, which calculates the
cosine of the angle between the two vectors (Lane and Dyshel, 2025):

cos θ =
A ·B
|A| |B|

This limits the range of the resulting scalar to the interval [−1, 1], with a
value of −1 representing opposite vectors, a value of 0 representing perpen-
dicular vectors, and a value of 1 indicating that the normalized vectors are
identical (Lane and Dyshel, 2025).
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