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ARTICLE INFO ABSTRACT

Keywords: During the production of an animated film, professionals at the animation studio prepare thousands of
Movie production notes. These notes describe improvements and corrections identified by supervisors and directors during daily
Review notes meetings where the film’s progress is reviewed. After each meeting, these notes are manually distributed to

Text Classification
Large Language Models (LLM)
Natural Language Processing

the appropriate departments that need to address them. Due to the manual nature of this process, many notes
are not assigned correctly, and the identified issues are not addressed, reducing the final quality of the film.
This article describes and compares several approaches to automatically distribute notes using multi-label text
classification with different language models (LM). Implemented methods include logistic regression models,
encoder-only models such as the BERT family, and decoder-only models such as Llama 2 including fine-tuning
and QLoRA techniques. Training and inference were conducted on a local RTX-3090. The results of the different
techniques have been compared, achieving a maximum average accuracy of 0.83 and an fl-score of 0.89 with
the fine-tuned Multilingual BERT model. This demonstrates the validity of these models for multi-label text
classification, as well as their usefulness in a hitherto unexplored area such as animation studios.

1. Introduction Supervisors during review meetings at the Animation Studio. Producers
write those notes dynamically as the meeting progresses. In addi-

The film production process necessitates continuous collaboration tion, a studio comprises various departments, as the production of
among the involved parties. Professionals develop proposals and in- an animated film demands diverse and specialized skills. Depending
termediate results, which are reviewed on a daily basis. During these on the discipline in which a particular artist works, the departments
reviews, directors and supervisors provide comments on how the pre- may include Modelling, Surfacing, Rigging, Animation, CFX, Layout,
sented material can be improved or corrected. This feedback is tran- FX, Compo, Final Layout (FL) or Lighting. In each review session,
scribed into text notes and stored in a database using Production the supervisor comments on all aspects that can be improved in the
Tracking Software. Subsequently, the Production department manually material presented, regardless of the specific area the improvement

pertains to. A note may address both the animation performance of a
character and about the shading behaviour when deforming geometry,
and in such cases, it must be handled by two different departments (in
this example, Animation and Surfacing). Consequently, the assignment
problem becomes a text classification task with multiple labels.

In light of this challenge, this work proposes a text note classifi-
cation system that directs these notes to the appropriate departments
within an animation studio. To achieve this, the material, composed of
natural language text, has been pre-processed, and various language
models have been adapted, implemented and tested. Three methods

assigns these notes to the different artistic departments responsible for
addressing them. Animation production is a highly technical process.
However, many tasks remain entirely manual, such as the distribution
of these corrections. As a manual process, it is highly prone to errors
in the fast-paced environment of producing an animated film This can
lead to many notes being assigned incorrectly or omitted altogether,
ultimately reducing the quality of the film.

The assignment of these notes to their respective artistic disci-
plines can be conceptualized as a text classification task. The notes
are free-text transcriptions of verbal comments made by Directors and
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have been evaluated and compared: transfer learning with logistic
regression, fine-tuning encoder-only language models, and decoder-
only large language models. The results confirm the effectiveness of
these techniques for this multi-label classification problem.

The main contributions of this work can be summarized as follows:

» A method to pre-process text review notes from an animation
studio is proposed.

+ Three methods using language models are developed and applied
to the multi-label classification of these text notes.

+ Several configurations of these models have been tested to en-
hance their performance.

+ The validity of the language models for distributing text notes
across various departments is demonstrated.

To the best of our knowledge, the proposed approaches for multi-label
classification for the distribution of text review notes in the context of
animated film production are entirely novel.

The article is structured as follows. Section 2 describes related works
on the use of language models for text classification. Section 3 describes
the materials, namely the database of text notes and the processing
applied. Section 4 describes the three proposed classification methods,
including the language models used. The results of the application of
these models are presented and compared in Section 5. The article
concludes with the discussion of conclusions and future work.

2. Related work

Text classification is a research area that has consistently attracted
the interest of the research community for many years, due to the
importance of this task and its numerous applications across different
fields. General surveys such as those in [1-3], describe both traditional
and modern approaches to text classification and provide comparisons
between them.

Most text classification problems are single-label, where each text
example or instance is associated with a single class. For example,
traditional binary and multi-class classifications are sub-categories of
single-label classification [4]. However, the advancement in capabili-
ties on one hand, and the increase in the complexity of the problems
addressed on the other, have led to a notable rise in the number of
studies focused on classifying text instances with multiple non-exclusive
labels [5]. Multi-label text classification is a generalization of the multi-
class classification problem. In this sense, it is a more challenging task
which requires more training data and compute to cover the entire label
space. In this section, we review some of the most recent and relevant
works on multi-label text classification.

First, we describe some of the most challenging variations of multi-
label text classification [6]. For example, extreme multi-label text
classification, where the number of labels can reach hundreds of thou-
sands, or even millions [7]. Hierarchical multi-label text classification,
where the multiple labels are constrained in a structured and hierarchi-
cal manner [8]. Imbalanced multi-label text classification, also known
as long-tailed label distribution [9], which is a very common aspect of
most multi-label training dataset, where there is a significant uneven
distribution of samples for each label. Weakly supervised multi-label
text classification, which aims to classify text into multiple categories
without relying on human-labelled data [10]. And multi-label text
classification with missing labels, where only a limited number of labels
are annotated, and others are missing [11].

Focusing on the various fields of application, we recently encounter
a wide range of topics. For instance, in [12], dialogues are categorized
with up to 18 different malevolent labels, such as guilt, arrogance and
violence. A very common application area is the automatic multi-topic
classification of documents, which has been applied in many different
domains. For example, it has been used to classify patent documents
according to the Cooperative Patent Classification (CPC) system [13].
It has also been applied to classify legislative documents according
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to legal vocabulary such as EUROVOC [14]. Additionally, it is widely
used to identify relevant keywords in scientific documents [15]. Multi-
label classification and topic modelling from consumer reviews have
also been widely studied in different domains, such as the fashion
industry [16] and holiday rentals platforms [17]. Another domain that
is naturally structured as a multi-label categorization problem is hate
speech detection, which has attracted a lot of interest in the last years,
with multiple contributions [18,19] and datasets [20-22]. Multi-label
text classification has also been applied to the medical domain, where
medical texts, such as clinical reports records [23], are classified into
multiple non-exclusive medical codes [24].

Regarding the most commonly used techniques in the context of
multi-label text classification, it is important to highlight that the trend
has been very similar to that of text classification in general [3]. This
spans from traditional methods based on feature extraction (e.g., bag-
of-words, N-gram, word2vec, global vectors, etc.) followed by some
form of machine learning model (e.g., Naive Bayes, K-Nearest Neigh-
bour, Support Vector Machine, etc.), to deep learning methods, includ-
ing Convolutional Neural Networks, Recurrent Neural Networks, Graph
Neural Networks, and attention-based models such as transformer-
based architectures, including language models and the different types
of architectures such as encoder-decoder, encoder-only or decoder-
only. We direct the reader to specific surveys that provide a compre-
hensive analysis of the latest approaches and datasets in the context of
multi-label text classification [25-27].

Similarly, it is important to highlight the recent significant growth
in the use of Large Language Models (LLMs) to address multi-label
text classification [28]. This can be achieved through adaptation and
fine-tuning [29,30], few-shot strategies [31,32], or even via prompt
engineering [25,33] and zero-shot approaches [31,32,34,35]. Since the
performance of LLMs continues to grow and their usage is increasingly
widespread, it is reasonable to explore these models for such problems.
However, their efficiency is worse than that of smaller models fine-
tuned for specific multi-label text classification tasks, and it is also not
yet clear whether they can provide better results [28,36]. More studies,
like the one we present in this paper, are needed to explore the problem
of multi-class text classification from this perspective and across various
application domains to gather more evidence.

As an overview of the analysed related works on multi-label text
classification, we present Table 1, distinguishing between pre-LLMs and
post-LLMs approaches. The table does not make any direct compar-
isons, as the application context, domains and datasets used differ in
each case.

As observed in Table 1, and as far as we know, apart from our own
previous works, there are no studies focused on the multi-label text
classification of review notes within the field of animated film produc-
tion. Review notes are usually highly technical, specific to the context
of the animation studio, the film, and the reviewer. As a result, they
are highly diverse, incorporating different personal styles and specific
jargon. Consequently, mapping these notes to the relevant departments
in a non-exclusive manner poses a significant challenge that has yet
to be resolved. Our previous works have progressively tackled this
problem, from preliminary proposals exploring small language models
tokenizers (DistillBERT) combined with logistic regression classifiers
[37], to fine-tuned encoder-only models (BERT Multilingual) [38], and
more recently, the exploration of decoder-only architectures adapted
to perform multi-class classification [39] instead of the most complex
multi-label classification. In this paper, we extend our previous works
by exploring additional methods, including fine-tuning and comparing
several encoder-only models, as well as testing in-context learning and
fine-tuning of a decoder-only model. All methods are evaluated and
compared over the same dataset.
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Table 1
Multi-label text classification related works. The horizontal line distinguishes pre-LLM works from more recent LLM-based approaches.
Ref. Year Context Labels Samples Methodology Metrics
[12] 2022 Dialogue malevolence 18 8.4K BERT-MCRF Fl-score: 0.49
detection
[13] 2021 Cooperative patent 600 70K Transformed-based F1-score: macro
categorization multi-task 0.40/micro 0.65
[14] 2019 EUROVOC labels 4.3K 57K Fine-tuned BERT Fl-score: micro 0.73
[15] 2022 Scientific topics 1.2K 186K Hierarchical F1-score: macro
categorization fine-tuned BERT 0.35/micro 0.53
[16] 2023 Clothing quality 5 1.2K Fined-tuned F1-score: macro
reviews RoBERTa 0.87/micro 0.87
[17] 2023 Topics categorization 239 120K Fined-tuned BERT mAP: macro
from holidays rental 0.76/micro 0.93
platform reviews
[18] 2019 Hate speech detection 2,53 13K Word n-gram and Average accuracy:
RFDT classifier 0.74
[19] 2022 Hate speech detection 7 46K BERT trained from Fl-score: 0.3 to 0.96
scratch
[24] 2021 Medical code 18 to 923 40K to 200K Fine-tuned BERT F1-score: macro
categorization and RoBERTa 0.52 to 0.74/micro
0.68 to 0.81
[29] 2024 Aviation safety and 17 13.7 Fine-tuned GPT-3.5 Fl-score: macro
autonomy and Mistral-7B 0.61/micro 0.74
[30] 2024 Disaster informatics 14, 2, 16 - LORA-based Training
fine-tuned Llama2 performance
[31] 2024 Patient comments 10 1089 Zero-shot and Fl-score: 0.76
classification few-shot GPT-4
Turbo
[32] 2024 Unstructured electronic 83, 13, 36, 37 890K Zero-shot and Fl-score: 0.75 to
health records few-shot Llama-2 0.86
13B
[33] 2023 Multiple domains and 6 to 90 Up to 58K Label prompt Fl-score: 0.59 to
datasets learning 0.89
[35] 2024 Multiple mental health 4 to 28 3.5K to 826K Zero-shot LLMs Fl-score: 0.64
datasets
Ours 2025 Animated film 12 62K Transfer learning, Fl-score: 0.89

production review notes

fine-tuned BERT
family, QLoRa-based
fine-tuned and
one-shot Llama2-7B

3. Materials: problem formulation, data and processing
3.1. Problem statement

The formulation of the problem can be described as follows. The
inputs consist of a collection of text data denoted as X = {x,,x,,...,x,}.
Here, each x; represents the ith text review note, which is typically
a sequence of words of tokens, following pre-processing, from a total
of n documents. The corresponding output is represented as a set of
labels Y = {y,y,,...,y,}, where each y, is a binary vector of size m,
with m being the total number of unique labels available in the dataset.
In this context, m represents the total number of possible departments
where the review note can be addressed (here, m = 12). The binary
vector y; signifies the presence (1) or absence (0) of each label for the
corresponding text instance, allowing multiple ‘1’s to reflect a multi-
label situation. The primary objective is to learn a function f : X —
{0, 1}™ such that, for any given input text x corresponding to a review
note, the predicted output y = f(x) closely approximates the true label
vector, effectively capturing the multi-dimensional label associations
inherent in the text data.

3.2. Data description

Although it may seem that public access datasets related to film
content are available, these only contain general comments made by

critics and by the general public about already released films. These
comments are not intended to improve particular aspects of the movie
that has already been launched. This data is typically used for sentiment
analysis [40], classifying comments as positive or negative.

However, the dataset used in this research contains much more
detailed information on technical aspects of films during the production
stage.

The data used in this work has been extracted from the film Luck,
released worldwide in 2022. It is a production of Skydance Animation
LLC, an American animation studio that is a division of Skydance
Media. The studio is based in Los Angeles and Madrid; the Madrid
branch was originally Ilion Animation Studios.

The data is generated during regular sessions with directors and
supervisors organized by the Production Department. In these sessions,
new and updated scenes and resources are reviewed and the Production
Department transcribes the oral comments into a production tracking
tool.

The different departments of the studio that attend are represented
by a manager from that particular office. Each one must fill out a form,
paying attention to the key aspects that refer to the specific work of
their section.

Production Tracking is a method by which teams in the film industry
can see how well the plan about the production of a movie has been
executed. With the help of these tools, the Production Department
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Table 2
Examples of review notes and the manually assigned labels.

Note text Labels

Add more atmosphere to SL rock pillar so it is not as contrasty - at top of shot. Lighting

We still need to work on the integration of the eyebrows ‘whiskers’. CFX & surfacing
Work in the change of attitude, we have to feel it. Animation

checks how well the teams are doing their tasks and whether the jobs
are up to the quality standards. In this case, Flow Production Tracking
(formerly ShotGrid) [41] was used for tracking tasks and review notes.

In Table 2 it is possible to see some examples of real notes, as well
as the department or departments it should be sent to. For the sake of
brevity, only part of the note is shown, which is free text in English.
Obviously, the form also collects information about: date, name of the
film, production status, etc., although these fields are not used in this
work.

This dataset is highly unstructured. It contains free-form text en-
tered into the Production Tracking software by different people, and
also in completely different styles and formats. Many of them do not
have English as their mother tongue. This makes it very complex to
apply traditional data mining techniques to extract useful information
from these notes, so it is necessary to use advanced techniques based
on natural language processing with language models, to focus on the
content without depending too much on the structure.

Additionally, these notes contain confidential information. Charac-
ter names and locations, especially in the case of unreleased films, are
extremely sensitive. Neither artist names can be part of these datasets
due to personal data protection laws.

The goal of the following processing phases of this information is
creating an optimized dataset on which classification techniques can
be successfully applied.

3.3. Data cleaning

The dataset was originally extracted from a movie Production Track-
ing software. There are several Production Tracking tools used in the
film industry. To further extend this research as much as possible
and be able apply these methods to information from all Production
Tracking tools, a custom library was developed to serve as interface
to extract the raw data from the original source. This way it can be
adapted to the different Tracking software and be easily extended for
future versions.

The dataset often contains unnecessary information, which can
introduce noise and make classification difficult. To avoid this problem,
a filtering process is carried out. This keeps only the information
necessary to classify the notes [42].

To address potential issues with data confidentiality and propri-
etary rights, anonymization algorithms should be applied before using
this production dataset outside of the study. There are libraries that
provide various techniques such as k-anonymity, (a,k)-anonymity, 1-
diversity, entropy l-diversity, (c,l)-recursive diversity, basic g likeli-
ness, enhancement beta likeliness, t-closeness, and disclosure privacy
& [43]. Additionally, all entity names in the dataset must be replaced
using Named Entity Recognition (NER) algorithms [44], to respect
intellectual property.

3.4. Label estimation

The original notes extracted from the Movie Production Tracking
software contain many fields, but are not explicitly classified into
the corresponding departments. To apply supervised machine learning
techniques, it is necessary to have these notes labelled with the relevant
departments. Given the large volume of notes and the time limitations
associated with this task, manual labelling is infeasible. However, the
information associated with the review notes contains additional fields,
beyond the textual content, making it easier to infer the relevant

Table 3
Distribution of review notes and target departments.

Department Labelled notes
Animation 28.5%
CFX 28.1%
Lighting 19.5%
Final Layout (FL) 18.9%
Modelling 9.2%
Surfacing 7.4%
FX 3.7%
Layout 3.1%
Rigging 1.3%
Compo 1.2%
Crowds 1.2%
Matte 0.6%

departments. Specifically, each note includes a list of artists for email
notification purposes, along with a catalogue of executed tasks. Lever-
aging this complementary data, labels can be estimated with sufficient
reliability to allow the use of training algorithms. Artists usually belong
to a department, and tasks are identified by types. Each task type is
associated with the department that performs it. Using this relationship,
the department label for each note can be inferred and added to the
dataset.

During production, assignment of these notes has to happen right
after the review meeting. At this point the note has not been notified to
any artist and it does not contain any performed task to fix it. This extra
information is usually added to the note as it is being addressed, usually
several days after the review. This means this estimation method cannot
be used. That is why a automated process to predict the labels identi-
fying interested departments on a particular note has been proposed in
this study.

The labelled dataset is then imported into data frames to speed up
processing in later stages.

Each department operates with a different workflow dynamic. While
certain departments, such as Animation, conduct internal reviews more
frequently, others may carry out this work at a more advanced stage in
fewer sessions, resulting in varying degrees of iteration. Consequently,
the labelled dataset shows an imbalance, as certain departments, such
as Animation or Lighting, have a higher number of labelled notes
compared to others, such as Crowds or Rigging. Table 3 shows the
distribution of the number of notes by department (label).

3.5. Tokenization

Transformer-based models cannot be trained with free-form textual
data. Therefore, it is necessary to convert this textual information
into a numerical representation suitable for feeding the model. This
representation is typically in the form of tensor data and encapsulates
the entire note text. This procedure is commonly known as tokenization
or word embedding.

For this, different techniques can be used. Although the bag of
words [45] technique is widely used, it has some inherent limitations
as it fails to encapsulate the semantic nuances of words. Additionally,
this coding method can be laborious due to the numerous variations of
words in written text. In contrast, word2vec [46] addresses these short-
comings by grouping words with similar characteristics into shared
embedding. Consequently, this approach makes it easier to understand
and process text using machine learning algorithms, as sentences that
convey similar meanings are represented in a similar way.
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Fig. 2. Architecture of an encoder-only model for classification.

In the English language there are many words that reflect multi-
ple meanings depending on their contextual use. Current tokenization
algorithms differentiate between occurrences of the same word with
different meanings, thus generating separate embeddings for each in-
stance. Therefore this approach produces more accurate characteristic
representations, improving the performance of classifiers that rely on
these features as inputs.

Several tokenization strategies have been used in this research.
The corresponding tokenizer is used when training a specific trans-
former model for classification. This way maximum compatibility is
guaranteed.

These algorithms are part of the Subword’ tokenization strategy.
This approach is better than word and character-based tokenizers.
Subword strategy does not divide words that are used frequently into
smaller subwords. Instead, they only divide rare words, producing
subwords that should be more meaningful.

Of those used in this work, BERT and DistilBERT tokenizers use
WordPiece embeddings [47] with a 30K token vocabulary. RoOBERTa
and Llama 2 tokenizers use the Byte-pair encoding (BPE) algorithm [48,
49]. RoBERTa uses a variation called byte-level BPE [50] with a 50K
subword units vocabulary while Llama 2 tokenizer uses the Senten-
cePiece [51] implementation of BPE with a vocabulary size of 32K
tokens.

4. Methodology
In this section the methods used, their description and the mathe-

matical models and architectures that implement them are presented.
In particular, two methods have been used: Encoder-only models and

Decoder-only Large Language Models.

Fig. 1 represents an overview of the main processes followed to
assign film review notes to the departments where animated films are
developed. In the first line, the necessary data transformations are
carried out (Section 3), to then apply each of the three proposed models
(logistic regression, encoder-only models and decoder-only models) to
those data.

The objective of the classification is to identify the departments
interested in each particular review note. Using the textual content of
the notes, the classifier is trained on the labelled data.

4.1. Encoder-only models

The classification architecture is built on an encoder-only trans-
former model. Encoder models use only the encoder of a Transformer
model. At every stage, the attention layers have access to all the
words in the original sentence. These models are commonly described
as employing ‘bidirectional’ attention, as they account for the entire
sentence, incorporating both preceding and subsequent words. These
models are also called auto-encoding models. That is why Encoder-
only models excel at tasks that require grasping the meaning of a
sentence. The pre-training process for these models typically involves
introducing some form of corruption to a given sentence, such as
masking random words, and then training the model to reconstruct
the original sentence. Examples of this family of models include BERT,
DistilBERT, or RoBERTa.

An encoder-only model is used for tokenization and hidden states
extraction, and serves as input to the classifier.

These hidden states are then classified in later stages to obtain the
predictions of the department to which the note should be assigned.
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The architecture is shown in Fig. 2.

Each token serves as input to a hidden state which, in turn, functions
as a feature to train the classifier, while maintaining the pre-trained
state of the remaining components of the model. The model generates a
768-dimensional tensor as a hidden state for each input token. Typically
only the hidden state corresponding to the beginning of the sequence
token is used to obtain the final input for the classifier. That is, a unique
768-dimensional tensor is generated for each review note.

Since it is not possible to visualize the 768-dimensional input, Fig. 3
illustrates a 2D projection of this data using the Uniform Manifold
Projection and Approximation technique [52]. The visualization shows
different spatial partitions occupied by various departments, with de-
partments sharing common tasks, such as Lighting and FX, exhibiting
overlapping regions.

4.1.1. Transfer learning

As a first step, transfer learning using an encoder-only model has
been used. The model used has been the DistilBERT variation [53].

A logistic regression model is added as classification head and
trained [54] using the labelled inputs, which include both the hidden
state and the previously calculated label. In this architecture, only the
classification head is trained, corresponding to the logistic regression
model, while the parameters of the layers of the encoder-only model,
i.e., the left part shown in the architecture 2, remain fixed.

The limited memory Broyden-Fletcher—Goldfarb-Shanno (LBFGS)
solver was used for the training. The model was trained using the
Scikit-learn library with default parameters and run on a 3.00 GHz
18-core Intel i9 processor, equipped with 64 GB of RAM. The training
duration on the CPU was 6.2 s. Given the multi-label problem of the
dataset, one-vs-rest strategy was adopted. That is, a classifier is trained
for each class, that in this particular case refers to each department
of the animation studio. Since there are a total of 12 different labels
in the dataset, the library creates 12 classifiers. Using the binary
relevance method [55], it trains one binary classifier for each label,
thus performing multi-label classification. The training was performed
with a L2 penalty term for regularization and a tolerance for stopping
criteria of 0.0001.

4.1.2. Fine-tuning encoder-only language models

The second method that has been proposed for the classification
of movie text notes into the corresponding department is the use of
fine-tuning to train encoder-only models for sequence classification.

In this case, the entire model shown in Fig. 2 is trained end-to-end.
The starting point is a model pre-trained from a large general corpus.
The training process then updates all the parameters of this pre-trained
model using a smaller, domain-specific dataset. This dataset is the one
that contains all movie review notes annotated with the automatic
label estimation system described in Section 3.4. This process is called
fine-tuning.

A general schema of the encoder elements can be seen in Fig. 4,
showing the components of the model that will be trained with the fine-
tuning process, without listing all the layers and functions inside each
component. The BERT model contains a chain of 12 of those blocks
connected. For full details of these types of model, the transformers
original paper can be checked [56].

4.2. Decoder-only large language models

Decoder-only Large Language Models (LLM) main purpose is to
generate new text taking into account some context provided. These
models rely solely on the decoder component of a transformer archi-
tecture. At each step, the attention layers are restricted to accessing
only the words that precede the current word in the sentence. Such
models are commonly referred to as auto-regressive models. The pre-
training process for decoder models typically focuses on predicting the
next word in a sequence. These models are particularly well-suited for
tasks that involve generating text. However, they can also be configured
for other tasks like text classification. Examples of this family of models
include GPT, Llama or Llama 2.

Decoder-only Large Language Models have been lately very success-
ful and their use has recently increased in different domains. One of
those models is Llama 2 [57], launched in 2023. This model has been
released in several variations. The Llama 2-7B model is the one used in
this study.

An overview of the Llama 2-7B decoder block components is shown
in Fig. 5. Llama 2 uses the pre-normalization variation of the trans-
formers model, using the Root Mean Square algorithm, that has shown
good training stability and generalization. It uses a Grouped-query
attention as the masked attention layer to speed up the inference
process. Finally, the position-wise feed forward layer uses the SwiGLU
activation function instead of ReLU or GeLU, since it has been found to
perform better. Llama 2-7B is formed by 32 decoder blocks connected
in sequence.
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Fig. 5. Llama 2-7B decoder block components.

LLMs such as Llama 2 [57] are trained and evaluated through
prompts that specify the task to be performed, with a structural ap-
proach. These training prompts follow the same format as those in-
tended for implementation (prompt matching), ensuring optimal per-
formance consistency. During this phase, the dataset is adapted to
incorporate the note text within a prompt template, encompassing task
descriptions and the list of departments for classification. With the
Llama 2-7B model, a specific request format [57] is required.

Refining a language model through fine-tuning is relatively inexpen-
sive in terms of computation compared to starting the training process
all over again. However, for current large language models, such as
Llama 2-7B, fine-tuning can require considerable computational costs
that may become prohibitive except for large corporations.

To alleviate this computational burden, LoRA [58] was used, which
allows the LLM to be trained locally on an RTX 3090 GPU. LoRA
operates by approximating the fine-tuning weight update using a Rank
Decomposition Matrix, which in turn decomposes into the product of
two smaller matrices. This approach significantly reduces the num-
ber of trainable parameters, as LoRA exclusively optimizes the rank
decomposition matrix instead of all LLM parameters. In this study,
the Hugging Face Parameter Efficient Fine-Tuning (PEFT) library was
used to train the model with LoRA, employing the post-weight update
mechanism given by:

Wi = Wy + AW = W, + %AB €h)

where W), are the weights of the pre-trained model, AW is the update
of the model weights, AB is the Rank Decomposition Matrix, r is the
dimension of the smaller matrices and « is a scaling factor used to
balance the importance of the pre-trained weights and the updated
ones.

To further improve the performance of this LLM model, QLoRA [59]
was used in the training. QLoRA is a variant of LoRA in which the
pre-trained model weights are loaded in a 4-bit quantized format,
as opposed to the original 8-bit format. The QLoRA integration was
achieved by using the bitsandbytes library along with PEFT.

5. Results and discussion

To evaluate and compare the three different proposed methodolo-
gies and ensure consistency of results, all models have been imple-
mented and run on the same dataset. This dataset contains 33,785
text notes in total. The notes have been divided into 10% for tests
(3379), and the rest for training and validation. 80% of those notes
were used for training, a total of 24,324 labelled notes, and the rest
(6082) for validation. The dataset has multiple labels, and each note
can be allocated to multiple departments. The distribution of labels
within the dataset can be seen in Table 3.

All experiments were run on the same hardware, consisting of a
local computer equipped with an RTX 3090 GPU with 24 GB of VRAM
with a {9 CPU at 3.00 GHz, using the dataset described in 3, with the
same distribution of training, testing and validation subsets. Python
3.10.8 was used as the development language due to the availability
of numerous open source libraries. Transformers [60] was used to
interface with PyTorch with CUDA support and perform tokenization,
inference and training tasks. Pandas [61] was also used for managing
the dataset. Finally, Sklearn [62] was the library used for computing
metrics from the results obtained from the different models and config-
urations. As a performance reference, fine-tuning the BERT model took
578 s for 5 epochs, for a resulting train loss of 0.13 and evaluation loss
of 0.11.

As previously mentioned, given the multi-label nature of the classifi-
cation, a One-vs-Rest approach was implemented for the transfer learn-
ing method. This methodology involves training a classifier for each
class, where the classes in this dataset are the departments interested
in the review text note.

Several metrics have been used to compare the different models
and approaches. These metrics were evaluated through the SciKit-learn
library. In the following equations, TP = True Positive, FP = False
Positive, TN = True Negative, FN = False Negative.

Precision quantifies the proportion of True Positives relative to all
detected Positives. This metric indicates the reliability of the system in
assigning a specific department to a note.

TP

Precision = ——— (2)
TP + FP
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Fig. 6. F1-Score per label for the encoder-only language models.

Recall measures how often a machine learning model correctly
identifies positive instances (true positives) from all the actual positive
samples in the dataset. It is obtained by dividing the number of true
positives by the number of positive instances of the dataset. Measures
the effectiveness of the model.

TP

n=—*
Reca TP LN 3

Accuracy shows the ratio of correct predictions over the total num-
ber of predictions made.
TP + TN

Accuracy = ()]
TP + FP + TN + FN

Finally, F1-score integrates precision and recall into a single metric
to gain a better understanding of model performance.

precision - recall

F1-Score =2 —MMM—
precision + recall

(5)

After testing several configurations, for the logistic regression clas-
sifier, DistilBERT was used to obtain the hidden states that serve as
input to the classifier. The solver for this classifier was the Limited-
Memory Broyden-Fletcher-Goldfarb-Shanno (Ibfgs) from the SciKit-
learn library.

To fine-tune the classifier with encoder-only models, several varia-
tions were tested. The BERT [63], DistilBERT [53], RoBERTa [64] and
multilingual BERT [65] models have been chosen for testing. They were
fine-tuned starting with 0.00002 as learning rate, using a weight decay
of 0.01. The training was organized in batches of 8, obtaining a f1-score
that was used to choose the best model (Fig. 6).

As it can be seen in this Fig. 6, all models perform similarly,
although for some labels some models perform slightly better than
others. Only a subset of the departments, the ones with more instances
in the dataset, is represented in the figures for clarity. The worst result
is obtained for the Surfacing department, which was entirely composed
of Spanish workers. This may explain the better performance of the
Multilingual model compared to the rest, since there could be Spanish
words mixed with the text in English. Therefore, Multilingual has been
selected in the final configuration of the encoder-only model for this
particular dataset.

Regarding the configuration of the decoder-only LLM, both in-
context learning and fine-tuning were evaluated. A prompt based on
the structure recommended by Llama 2 was used. Explanatory text

was introduced at the beginning of the prompt to define the task to
be performed, detailing the list of departments into which to classify
the text. Zero-shot inference showed a very low accuracy of 0.11, so
one-shot inference was applied, adding an example of a note text for
each of the departments. Few-shot inference was not used because,
considering the large number of departments and the length of the
notes (the examples provided in Table 2 are considerably shorter per
space), the prompt would exceed the limits of the context length of the
model, which is 4k for Llama 2.

The template used to implement one-shot learning is shown in
Fig. 7, where {Example Note Text} refers to the text of a note from
the training dataset, {departments} is replaced by a comma-separated
list of the corresponding labels for that note, and {Input Note Text} is
replaced by the note text from the test dataset that is being evaluated.

The fine-tuning started with an initial learning rate of 10~#. The
LoRA hyperparameters, r and a, were set to 16 and 64, respectively, as
they commonly work very well with these datasets. The model covered
a total of 3,540,389,888 parameters, of which only 39,976,960 were
trainable. A paged optimizer was used throughout the training phase
to avoid memory spikes and prevent out-of-memory errors. The prompt
used for fine-tuning is the one used in one-shot learning, Fig. 7, with
the examples removed.

The Fl-score results obtained with both, the one-shot and fine-
tuning methodologies applied to the Llama 2-7B model are shown in
Fig. 8. Due to the confidentiality of the information, calculations must
be performed locally, without using the cloud. This has limited the
version of Llama2 used because of the limitations of the hardware
available has prevented the use of larger versions of the software.

As it can be seen, in all cases fine-tuning obtains better results
for this Fl-score metric, i.e., higher values for all departments. Still,
examination of the per-label metrics reveals that both perform better
with departments with a broader spectrum acknowledged (e.g., Ani-
mation or Lighting) than with other more specialized ones (e.g. Final
Layout). This is likely due to the model’s prior exposure to information
related to those fields within the pre-training datasets applied to the
default base Llama2-7B model. Anyway, the fine-tuned model gives
poor results for departments with limited number of sample, although
still outperforming the one-shot approach.

5.1. Comparison of the three models

To compare the three methods of automatic classification of film
review notes, the precision, recall, fl1-score and accuracy metrics have



D. Garcés et al.

Neurocomputing 626 (2025) 129620

Examples:

Input:

{Example Note text}

### Response: {departments}
Input:

{Input Note text}

### Response:

Categorize the movie review note text into one of the 8 categories:
CFX, Final Layout, Modelling, Layout, FX, Lighting, Compo, Animation

Fig. 7. Template used to implement one-shot learning.
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Fig. 8. F1-Score per label for decoder-only fine-tuned model.

Table 4

Weighted average metrics for classification methods.
Model Precision Recall Fl1-score Accuracy
Logistic regression 0.83 0.66 0.72 0.68
Encoder-only fine-tuning 0.90 0.88 0.89 0.83
Decoder-only 0.77 0.73 0.74 0.71

been evaluated.

Table 4 shows the numeric values of the weighted average metrics
for all three classification methods, averaging the support-weight mean
per label, giving more weight to classes with more samples.

From this data it can be seen that the best performance in classifying
movie review notes is obtained with the use of fine-tuned encoder-only
models. This confirms recent findings in comparative analysis like [66],
where encoder-only models were found superior in performance over
decoder-only models, that at the same time require less resources for
analysis tasks like sentiment analysis. Decoder-only models typically
require a larger number of parameters to obtain comparable results
because they are designed to analyse text from left to right, which is
more appropriate for generative tasks. However, encoder-only models
take all surrounding context into account, making them excel at tasks
like sentiment analysis or classification with fewer parameters than
their decoder-only counterparts [67]. This could explain why encoder-
only models show slightly better performance in this classification task,
although decoder-only models could be improved by using a greater
number of trainable parameters, but the hardware requirements may

make them prohibitive on normal devices.

To illustrate some of these results, Fig. 9 shows the best F1-score
value for each method.

From Fig. 9 it is possible to see that the fine-tuned encoder-only
solution works very well for all departments, with high fl even in
departments with a low number of samples. On the other hand, the lo-
gistic regression and the decoder-only model worsen their performance
especially in the departments with few notes, while they show compet-
itive performance compared to the fine-tuned encoder-only model for
the departments with many notes. Encoder-only models are very good
at capturing the meaning of sentences and that is probably why, even
with a few notes, they are able to extract representative features that
allow the model to correctly predict the department in the dataset. In
those departments with a large number of notes, Llama 2-7B shows very
good results and since it is a prompt-based generative model, it could
provide good options to extract information by querying the model,
making it a very good solution if that flexibility is desired.

6. Conclusions and future research

In this article, several methods for classifying text notes, taken dur-
ing animated film review meetings, have been proposed and compared.
The final objective is to assign these notes to the departments in charge
of addressing them. Real information provided by Skydance Animation
Studios Madrid has been used. The main conclusion of this study is that
it is possible to build an automated system with high levels of accuracy
for this multi-label task. However, finding the right configuration of
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Fig. 9. F1-Score per label for all classification methods.

natural language processing models and tuning their parameters is not
a simple task. It has been shown how different configuration options
influence the final classification results.

On the other hand, the need to process real data to use it in training
the models has also become clear. The three models compared were
transfer learning with logistic regression, decoder-only LLM (specifi-
cally, Llama 2-7B) and fine-tuned encoder-only models. The latter have
provided the best results in this specific application.

As future work, several lines are opened that would allow these
models to be improved for this specific task. For example, LLMs like
Llama 2 could be trained specifically for classification instead of us-
ing generative features. Other LLMs could also be explored such as
Falcon, GPT-4, Mistral or the recently released model family Llama 3,
trained with a corpus of 15T data token that has shown very good
performance compared to other models with more parameters. The
latter also increases its context length to 8K tokens, allowing more
examples to be included. A future line of research involves contrasting
the results obtained with datasets from other movies or even other
studios to assess how generalizable these results are. Finally, the dataset
can be improved by balancing it, since there are departments with
fewer samples, which makes training more difficult and worsen the
classification results.
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