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Abstract

Food image analysis is a crucial task with far-reaching implications across var-

ious domains, including the culinary arts, nutrition, and food technology. This paper

presents a novel approach to multi-task visual food analysis, using large language mod-

els to obtain recipes and support the creation of a comprehensive food ontology. The

approach integrates the food ontology into an end-to-end model, with prior knowl-

edge on the relationships of food concepts at different semantic levels, within a multi-

task deep learning visual food analysis approach, in order to generate better and more

consistent class predictions. Evaluated on two benchmark datasets, MAFood-121 and

VireoFood-172, this method demonstrates its effectiveness in single-label food recogni-

tion and multi-label food group classification. The ontology enhances accuracy, consis-

tency, and generalization by effectively transferring knowledge to the learning model.

This method addresses the challenges posed by the diverse appearances of food and

enriches the model’s understanding of food concepts and their intricate relationships.

This study underscores the potential of ontology-based methods to address food image

classification complexities, with implications for a wide range of applications, includ-

ing automated recipe generation and nutritional assessment.
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1. Introduction

Food image recognition is a crucial research area with broad applications in culi-

nary arts, nutrition, and food technology [1]. Accurate and efficient food recogni-

tion systems are essential for advancements in automated dietary assessment, recipe

generation, and nutritional analysis, significantly impacting dietary monitoring, public

health initiatives, and personalized nutrition plans [2]. In the culinary field, these sys-

tems assist in creating innovative dishes by analyzing existing recipes and ingredient

combinations [3], and play a vital role in food safety and quality control by enabling

automated identification of defective or mislabeled products [4]. The technology also

extends to smart kitchen appliances and applications that provide real-time feedback

and recommendations based on ingredient and dish identification, helping users make

healthier dietary choices and reduce food waste by suggesting recipes with available

ingredients [5]. Moreover, accurate food recognition supports individuals with dietary

restrictions or allergies by helping them identify safe options [6], and its integration

into mobile applications and wearable devices offers potential for continuous dietary

monitoring and improving overall health [7].

Despite significant advances, food image recognition still faces challenges due to

high variability in food appearance, preparation styles, and presentation [8]. Different

cooking methods, ingredient combinations, and cultural differences result in Variations

in color, shape, and texture result [2]. Traditional methods struggle to accurately clas-

sify complex dishes with multiple ingredients or from diverse cuisines [9]. These chal-

lenges are compounded by the need for large volumes of labeled data, which are costly

and time-consuming to produce, leading to inconsistencies and errors in labeling [10].

The dynamic nature of culinary practices adds complexity to maintaining up-to-date

datasets. Existing machine learning approaches may not effectively capture intricate

relationships between food components, resulting in misclassifications that affect di-

etary assessments and nutritional analysis [11]. These limitations highlight the need for

advanced techniques that can better model semantic relationships between food items

and their components, providing more robust and reliable recognition capabilities [12].
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To address these challenges, previous research has explored methodologies like

convolutional neural networks (CNNs) for feature extraction and classification [13].

While CNNs are promising in extracting relevant features from food images, they of-

ten fall short in capturing the contextual information necessary for accurate classifi-

cation [14]. These methods typically ignore the rich semantic relationships between

foods and their ingredients, resulting in insufficient accuracy when recognizing com-

plex dishes with overlapping ingredients [12]. For example, a CNN might correctly

identify a tomato in a salad, but struggle to differentiate between similar dishes like

minestrone soup and vegetable stew, where context and ingredient combinations are

crucial. This limitation highlights the need for more sophisticated approaches that

integrate contextual knowledge to enhance the robustness of food image recognition

systems. Methods combining multimodal data, such as visual information with tex-

tual descriptions of recipes and ingredient lists, have shown potential for improving

recognition accuracy [15]. Additionally, transfer learning techniques, where models

pre-trained on large, diverse datasets are fine-tuned for specific food recognition tasks,

can help address the scarcity of labeled data. However, these techniques still require a

comprehensive understanding of the relationships between food items, as many dishes

share similar visual features but differ in key ingredients or preparation methods. For

example, dishes like “paella” and “seafood risotto” may appear similar but can be dif-

ferentiated by recognizing specific ingredients like saffron or distinct types of seafood.

Integrating ontologies [16], which capture semantic relationships between food groups

and ingredients, and large language models (LLMs) [17], which assist in constructing

these ontologies, can offer significant benefits. These ontology-based methods allow

systems to distinguish visually similar dishes by leveraging ingredient lists and broader

contextual information.

The proposed approach is notable for introducing a novel method for multi-task

visual food analysis, using LLMs to obtain recipes and support the creation of com-

prehensive food ontologies [18]. LLMs, such as GPT-4, have transformed the field

of natural language processing with their ability to comprehend and produce text that

closely resembles human language [19]. These models enable the creation of detailed

and accurate representations of food recipes and concepts. By integrating these ontolo-
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gies which encapsulate prior knowledge about the relationships between food concepts

at various semantic levels, the deep learning-based approach improves the accuracy

and consistency of predictions [20]. This integration enables the system not only to

identify individual foods, but also to understand the broader context in which they ap-

pear, ultimately improving the overall performance of the recognition process. The

main contributions are:

• A specialized food ontology was meticulously constructed using LLMs, which

provided accurate and reliable recipes.

• Better consistency in multi-task results as a consequence of integrating prior

knowledge extracted from the ontology into the food image classification model,

ensuring a more refined and accurate classification process.

• The proposed ontology-based method demonstrated significant performance im-

provements in both the individual dish and food groups levels compared to the

baseline approach. This advancement highlights the effectiveness of combining

ontological knowledge with image recognition techniques.

A very preliminary resulñts of this study was presented in [21]. In contrast to it,

here we introduce LLMs to obtain recipes for all dishes and create detailed ontolo-

gies. Unlike prior work that only used part of the MAFood-121 dataset [22] focused

on Mexican cuisine, we utilized the entire MAFood-121 dataset, allowing for a more

comprehensive ontology. Automating the recipe collection process enabled us to gather

more recipes and cover a broader range of cuisines, enhancing the ontology’s ability to

capture nuanced relationships between food concepts. Furthermore, we evaluated the

proposed method on an additional dataset, VireoFood-172 [23], a Chinese food dataset

notable for its diversity. Incorporating VireoFood-172 allowed us to assess the model’s

generalization capabilities across a more diverse array of dishes beyond MAFood-121,

demonstrating the versatility and applicability of our method to more complex food

recognition tasks. Two distinct ontologies were created to model the unique cuisines

from each dataset, enhancing the precision of the food recognition model within each

cultural context. In addition to previous processes, we used an LLM to obtain recipes
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and integrated a Linear Programming (LP) method to select main tokens for each ingre-

dient, which was not present in our prior work. Our approach benefits from implement-

ing new network architectures DenseNet-121 [24] and EfficientNet-B4 [25] alongside

the previously used ResNet-50 [26], ensuring robust performance across different net-

work designs. The results demonstrate that our proposal, we call LLM-guided Ontol-

ogy Multi-task Food Recognition (LLMO-MFR), improves upon previous ontology-

based food recognition research and significantly speeds up ontology building. This

advancement highlights the effectiveness and versatility of our methodology in recog-

nizing food dishes and food groups, confirming its superiority over baselines.

2. Related Work

Visual food analysis has advanced significantly in dish recognition due to deep

learning methodologies, particularly CNNs. Initial methods relying on handcrafted

features faced limitations due to complex variability in food presentations. Modern

approaches leveraging CNNs and techniques like the Hough transform have shown no-

table improvements [27]. Studies have demonstrated the efficacy of deep learning in

classifying a wide range of food items and estimating nutritional information [28]. The

robustness of CNNs in handling diverse cuisines has been validated in research focus-

ing on Indian food [29, 30] and traditional Indonesian dishes [31]. The integration

of neural network classifiers and image segmentation techniques has further enhanced

food recognition accuracy [32]. Machine learning-based approaches for nutritional

estimation highlight the potential of combining food recognition with dietary assess-

ments [33, 34]. The superiority of CNNs over traditional methods has been confirmed,

showcasing their effectiveness in processing complex visual data [35]. Research has

increasingly focused on food group recognition, providing significant advancements in

dietary analysis and health-focused applications. Unlike individual dish recognition,

food group recognition involves collections of dishes, posing unique challenges due to

high intra-class variability and inter-class similarity [36]. Deep learning methodolo-

gies, particularly CNNs, have propelled these advancements. Modern techniques using

CNNs and advanced image processing algorithms have shown notable improvements
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in classifying diverse food groups and estimating their nutritional content [11, 37].

The robustness of CNNs in handling various cuisines has been validated by research

on different cultural food groups, showing enhanced accuracy and reliability [38]. Ad-

ditionally, integrating neural network classifiers and image segmentation techniques

has further improved recognition accuracy [39]. These advancements underscore the

transformative impact of deep learning in dish and food group recognition, offering

robust solutions for food identification and nutritional analysis across various culinary

traditions. The continuous refinement of these technologies promises significant appli-

cations in dietary monitoring, health management, and culinary analysis.

Multi-task learning based on ontologies has shown significant potential in food

recognition and analysis by utilizing deep neural networks to jointly learn multiple re-

lated tasks, enhancing overall performance and efficiency. A novel multi-task learning

(MTL) architecture integrating multi-scale and label dependency learning effectively

improved food and ingredient recognition by capturing fine-grained details and label

dependencies [40]. Flexible and compact architectures for MTL in food recognition

have been explored, highlighting the importance of architecture search in optimizing

models without compromising accuracy [41]. Ontologies play a crucial role in enhanc-

ing MTL models by providing structured knowledge for more accurate predictions, as

evidenced by their use in aspect-level sentiment analysis in the food domain [20]. Spe-

cific applications include MVANet, a multi-task guided multi-view attention network

for Chinese food, demonstrating the effectiveness of attention mechanisms in handling

diverse food images [42]. Optimizing parameter sharing in MTL models enhances effi-

ciency and applicability in food classification tasks [43]. The integration of ontologies

in MTL extends beyond recognition tasks to include sentiment analysis, enhancing in-

terpretability and contextual relevance [44]. Combining deep learning with MTL and

ontological knowledge has practical benefits in predicting food categories and nutri-

ents [45], and supports various applications in dietary assessment and analysis [46].

These advancements underscore the transformative impact of MTL and ontologies in

food recognition and analysis, offering robust solutions for food identification and nu-

tritional analysis across various culinary traditions.

Ontology Advancements via LLMs have proven that LLMs are powerful tools for
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constructing various applications, including robust food ontologies. These tools allow

for precise ontological data extraction, as proposed in [47] and knowledge graph con-

struction, as explored in [48]. LLMs also enhance the accuracy of question-answering

systems through the use of ontologies, as detailed in [49]. Additionally, [50] illustrates

how LLMs can be used to create personalized food recommendation systems, lever-

aging ontologies that integrate appropriate semantic levels and accurate data. These

applications demonstrate the potential of LLMs to efficiently and effectively build and

manage food ontologies, facilitating the creation of more precise and useful informa-

tion systems; however, none of these works explored how to leverage an end-to-end

model by such ontologies.

3. Methodology

This section details the methodology used for the construction of the foods on-

tologies, as well as its subsequent application in the task of classifying food groups and

specific dishes (see Fig. 1). The construction of this ontology was based on two seman-

tic levels of food concepts: dish names (including examples such as “tacos”, “tostadas”,

“Braised Pork” or “Noodles with Wonton”) and food groups (such as “meat”, “bread”,

“FishAndSeafood” or “VegetablesAndLegumes”). In the following subsections, each

phase of the proposed method is described in detail. Each of these phases is essential

to build and apply the food ontology.

3.1. Recipe collection by LLMs

The first stage involves compiling recipes related to a specific dish from various

world cuisines, such as Mexican, Thai, or Chinese, using well-known LLMs, such as

ChatGPT or Gemini, to identify the ingredients commonly used in their preparation.

In the previous approach [21], web scraping techniques with Python’s Beautiful Soup

were used to retrieve these recipes from popular food sites like Yummly [51] and All-

Recipes [52]. However, a challenge was encountered in that many recipes omitted the

main ingredient; for example, some “biryani” recipes did not include “rice”. Addition-

ally, many dishes were not available on these popular websites, making it necessary
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3. Building ontology4. Making a relationship ontology matrix

2. Unification of the ingredients list1. Recipe collection by LLMs

Figure 1: Diagram of the creation of the relationship ontology matrix.

to search different sites to cover all recipes in their entirety, which required constantly

adjusting the code configurations for each website, thus consuming more time. Addi-

tionally, common web scraping challenges were encountered, such as IP blocking by

target sites and the implementation of anti-scraping mechanisms that made data extrac-

tion difficult. Currently, ChatGPT is used as an LLM to obtain recipes, significantly

reducing the time required to gather them, regardless of their country of origin, because

ChatGPT searches several existing public food databases and, based on this informa-

tion, provides the recipes. ChatGPT retrieves the ingredients of recipes ensuring the

key components necessary to be analyzed. For example, given a traditional chicken

quesadilla recipe, ChatGPT recovers the essential ingredients such as chicken, cheese,

and tortillas.

In Fig. 2, the prompt used for the process of obtaining several chicken quesadilla

recipes is illustrated, while Fig. 3 illustrates how the recipe from the website aligns with

the one produced by ChatGPT. However, the link of the website provied by ChatGPT

is not always accessible or directly connected to the recipe. Despite this, we have

manually verified that the ingredients provided are consistent with the requested recipe.
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Figure 2: Prompt used to obtain recipes with ChatGPT.

3.2. Unification of the ingredients list

After associating each recipe with the corresponding dishes from the target dataset

(see section 5.1), the next step involves extracting a list of ingredients using the in-

formation provided in the recipes. For this purpose, we employ natural language pro-

cessing methods using the NLTK library, which includes the elimination of stopwords,

such as “the”, “is”, and “in”, which add little semantic value, the removal of any text

within parentheses, the exclusion of words containing numbers, the conversion of all

words to lowercase to ensure consistency and avoid duplicates like “Pepper” and “pep-

per,” the lemmatization of words to transform plurals into their singular forms, such

as converting “anchovies” to “anchovy”, the removal of non-alphabetic characters, the

cleaning of unnecessary whitespace, and finally, the filtering out of empty entries that

may result from these transformations.

Additionally, after the initial text processing, we apply a LP approach to further
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Figure 3: Alignment between the website recipe and the one obtained through ChatGPT.

refine the selection of relevant tokens from a list of ingredients. In this context, tokens

refer to the individual words or terms extracted from a sentence, while sub-ingredients

represent the key components or parts of an ingredient list that need to be identified.

To efficiently select the most relevant tokens, we formalize this task using LP. The

objective of this method is to select a subset of tokens x that represent the main sub-

ingredients. The function to minimize is the cost associated with selecting these tokens,

represented as cT x, where c is a vector assigning penalties to each token. Primarily, to-

kens corresponding to verbs (VB) or adjectives (JJ), as well as those appearing early

in the text, are penalized. These penalties can be based on factors such as token fre-

quency, relevance in the context of the ingredients, or other metrics (e.g., whether the

token is a common word or a key part of the ingredient). Nouns (NN), which typically
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represent key entities such as ingredients, are generally favored in the selection as they

play a crucial role in identifying the sub-ingredients.

Consider that the matrix A is a binary matrix where each row represents an ingredi-

ent and each column a token, indicating whether the token is present in the ingredient,

and the term Ax representing the number of tokens selected for each ingredient. Then,

the token selection is subject to the following constraints:

• −Ax ≥ −2: Up to two tokens are allowed to be selected as main sub-ingredients.

This is useful in cases of complex ingredients where a single token is not suffi-

cient. For example in compound ingredients such as “tomato paste”, where both

“paste” and “tomato” may be needed to fully represent the ingredient.

• Ax ≥ 1: Each ingredient must have at least one token selected as its representa-

tive.

• x ≥ 0: This constraint ensures that the decision variables x are non-negative,

since they represent the presence or absence of a token in the selection.

The cleaning process (see Fig. 4) is used to normalize the ingredients obtained from

both ChatGPT and the HELIS ontology [53]. HELIS organizes foods hierarchically

into different levels of categories and subcategories, consisting of 16 food categories

such as Cereals and Grain Products, and Meat, among others. This ontology provides

a standardized basis for aligning ingredients across datasets. The cleaning process in-

cludes the removal of irrelevant ingredients, such as salt, pepper and vinegar, to ensure

consistency and relevance. The LP method then selects key components from both sets

of ingredients, which facilitates the matching process between the ingredients provided

by ChatGPT and those in HELIS. By applying the same cleaning process to both data

sources, subsequent matching to retrieve the food group related to each ingredient is

streamlined, allowing for a more accurate and efficient alignment.

3.3. Building ontology

After processing the datasets and extracting the relevant information, the next step

involves linking the recipes and their corresponding ingredients to each dish. This
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Figure 4: Cleaning and selection of tokens.

ensures that all components are properly associated with their respective dishes, laying

the groundwork for constructing the ontology.

For the MAFood-121 dataset, the ingredients are grouped into high-level food con-

cepts (food groups), such as “meats”, “vegetables”, “fruits”, “seafood”, “dairy prod-

ucts”, “spices”, among others. Similarly, for the VireoFood-172 dataset, the ingredients

are grouped into broader food categories such as “CerealsAndGrainProducts”, “Eggs”,

“FishAndSeafood”, “Meat”, “NutSeedAndOliveProducts”, “VegetablesAndLegumes”,

among others, based on the HELIS ontology. These groupings are identified through

SPARQL queries on the HELIS ontology (see Fig. 5). The GraphDB tool [54] is used

as a visualization and query interface for the HELIS ontology, allowing for efficient

extraction of the necessary data through SPARQL queries. It is important to note that

these food groups may differ from those available in the target dataset. Therefore, an

additional step is necessary to align the extracted food groups with the available an-

notations. For example, in the case of MAFood-121, food groups like “beans” were

categorized as vegetables, and “crabs and fish” were classified as seafood to maintain

consistency with the original annotations. In the case of VireoFood-172, ingredients

like “Black rice”, “Bread”, and “Cold steamed rice noodles” were grouped under “Ce-
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Figure 5: SPARQL queries.

realsAndGrainProducts”, following the categories from the HELIS ontology.

3.4. Making a relationship ontology matrix

Once the ontology is constructed and the food groups are defined, the next step is

to develop a relationship ontology matrix. This matrix, also referred to as a coexis-

tence matrix, captures the interactions between food groups and their corresponding

dishes. By mapping these relationships, we can analyze the frequency and patterns of

ingredient usage across various dishes. It is important to highlight that this matrix is

scalable to additional semantic levels, allowing for a more comprehensive and detailed

representation of the ontology.
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Figure 6: Ontological representation of Mexican cuisine: This diagram illustrates the relationships between

various Mexican dishes and their corresponding food groups. The numerical values indicate the strength of

the relation between each dish and food groups.

The primary goal of this matrix is to measure the incidence of food groups in the

dishes, as illustrated in Fig. 6. Each cell in the matrix indicates the frequency with

which a specific food group appears in a particular dish. This provides a quantitative

analysis of the food composition of each dish.

The relationship among semantic levels is mirrored in the structure of the relation-

ship matrix (RM) formally defined as follows:

RM =


∑|R1 |

r=1 |FG1∈R
1
r |

|R1 |
...

∑|RD |
r=1 |FG1∈R

D
r |

|RD |

...
∑|Rd |

r=1 |FGg∈Rd
r |

|Rd |
...

∑|R1 |
r=1 |FGG∈R

1
r |

|R1 |
...

∑|RD |
r=1 |FGG∈R

D
r |

|RD |


where |Rd | corresponds to the number of recipes linked to the d-th dish, Rd

r - the list

of food groups for the r-th recipe linked to the d-th dish and FGg - the g-th food group.

Note that the columns denote the names of dishes, while the rows pertain to food

groups. The values in the matrix cells denote the strength of the relationship between

food groups and dishes. This not only reflects how often a food group appears in a

dish, but also the diversity of food groups present within it. The matrix further aids

in understanding the relationship between the semantic levels of food groups and their

distribution across dishes.
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Figure 7: The framework of the proposed method.

4. Multi-Task Visual Food Recognition Supported with LLM

The proposed method, which uses LLM as a support tool for obtaining recipes that

serve as a basis for building the ontology for multi-task food recognition, is illustrated

in Fig. 7. In deep learning, a multi-task approach can range from a generic network,

where all parameters are shared to extract features, to a specific network, where inde-

pendent networks are used for each task [55]. For multi-task food recognition, a generic

network is considered due to the similarity of the tasks involved (food recognition and

food group recognition), both of which can benefit from general features extracted from

the backbone (e.g., ResNet-50 [26] , DenseNet-121 [24] or EfficientNet-B4 [56]). Atop

the backbone, a dropout layer is implemented to prevent overfitting, followed by a fully

connected layer dedicated to each task.

For food recognition, a softmax activation is applied at the logits layer to provide

a probability of the most likely dish. For food group recognition, similar to any multi-

label task, a sigmoid activation is used at the logits layer to provide an independent

probability for each group. Subsequently, the probability that each food concept be-

longs to each task is determined. A critical component of this network is the integration

of a food ontology, specifically the RM, which serves as an additional layer reflecting

the hierarchical and semantic relationships between food groups and dishes. The output

from this layer is combined with the output from the food groups to provide a refined

probability of the same. This ontology offers contextual information to the network,
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enabling a better understanding of the composition of dishes and more accurate classifi-

cation. The interaction between the ontology and the network is facilitated by a custom

layer, which weights the model’s predictions based on the relationships established in

the ontology.

The probability of the refined food groups is formally defined as follows:

p(yg|W,RM) = λ · p(yg|W) + (1 − λ) ·
D∑

d=1

p(yd = d|W) · p(yg|yd = d)

p(yg|W) =
1

1 + e f W
g (x)
, p(yd |W) =

e f W
d (x)d∑K

k=1 e f W
d (x)k
, p(yg|yd) = RM[g, d],

where p(yg|W) represents the conditional probability that a specific ingredient yg is

present in the image; W - the model weights; f W
g (x) - the logits outputs for the food

groups; p(yd |W) - the probability that a specific dish yd is the correct class; f W
d (x)d -

the d-th logits output for the dishes; p(yg|yd) - the probability, extracted from the RM

of having a food group yg given the dish yd; K and D - the number of dishes; x - the

input image; and λ - a hyperparameter to weight the contribution of both terms.

During the training of the model, we use two loss functions, each given equal

weight: Cross-Entropy Loss (CELoss) for the dish recognition task and Binary Cross-

Entropy Loss (BCELoss) for categorizing food groups. The equation representing it

for a single input image is expressed as follows:

CELoss = −
D∑

d=1

ŷd · log(p(yd |W)),

where ŷd is the Ground Truth (GT) label in one-hot encoding and p(yd |W) is the prob-

ability given by the model for the d-th dish. The CEloss is calculated individually for

each image and then averaged.

Regarding the BCELoss, we formally define it as follows:

BCELoss =
G∑

g=1

ŷg · log(p(yg|W,RM)) +
G∑

g=1

(1 − ŷg) · log(1 − p(yg|W,RM)),

where G represents the number of food groups; ŷg is the GT in one-hot encoding for

g-th food group, indicating whether food group g is present or not in the sample; and
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p(yg|W,RM) is the refined probability given for g-th food group. The BCEloss is cal-

culated individually for each image and then averaged over the total images and food

groups.

It should be highlighted that while the proposed method directly enhances the ac-

curacy of food group predictions, the use of dish probabilities in conjunction with the

RM also indirectly improves the predictions for the dishes themselves.

5. Validation

This section outlines the two datasets employed, the experimental setup, and the

various evaluation metrics utilized.

5.1. Food Datasets

Two datasets specifically for culinary analysis are introduced. These datasets are

designed to support multiple tasks, allowing for a broad range of applications in food-

related studies and innovations.

5.1.1. MAFood-121

The MAFood-121 dataset, detailed in [22], consists of 21,175 images represent-

ing traditional dishes from eleven of the world’s most renowned cuisines, showcasing

the culinary diversity and richness of these regions. The dataset is organized into ten

distinct food groups (“bread”, “egg”, “friedfoods”, “meat”, “pasta/noodles”, “rice”,

“seafood”, “soups”, “dumplings”, and “vegetables”) and includes a total of 121 differ-

ent dishes. Each image is carefully annotated, providing a detailed and context-rich

resource for global culinary analysis.

This dataset supports a classification approach that covers both well-known dishes,

such as “tacos” and “pad thai”, as well as lesser-known but equally important dishes,

ensuring a diverse examination of global cuisines. The dataset is divided into 72.5%

for training, 12.5% for validation, and 15% for testing, maintaining the original pro-

portions and allowing for a robust evaluation of the classification models used. Fur-

thermore, it emphasizes the relationship between food groups and dishes, providing a
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valuable resource for MTL approaches, where food recognition extends beyond indi-

vidual dishes to their broader categories.

5.1.2. VireoFood-172

The Vireo Food-172 [23] dataset contains 110,241 images categorizing 172 Chi-

nese food dishes, including 353 distinct ingredient labels. The dataset is split into 60%

for training, 10% for validation, and the remaining 30% for testing. While this dataset

does not include predefined food groups, the ingredients, such as broccoli, cauliflower,

and bread, are categorized into food groups using the HELIS ontology. For example,

ingredients like broccoli and cauliflower are classified under Vegetables and legumes,

while bread is classified under Cereals and grains. In total, the original list of 353

ingredients was reduced to 18 food groups. Its diversity and complexity make it partic-

ularly suitable for computational tasks like ingredient recognition and MTL for recipe

retrieval.

This structured categorization facilitates more detailed studies into the relationships

between different dishes and their ingredients, contributing significantly to advance-

ments in ingredient recognition algorithms and food categorization. The methodical

approach to training, validation, and testing ensures that the dataset’s full potential is

utilized, enhancing the accuracy and effectiveness of the applied computational models.

5.2. Experimental setup

To implement the proposed method, three primary architectures were chosen:

ResNet-50, DenseNet-121, and EfficientNet-B4. These networks are also used for

comparison purposes. Initially, pre-trained on ImageNet, both the reference and pro-

posed methods are retrained for a period of 20 epochs using empirically selected hy-

perparameters. A learning rate (LR) of 0.001 is set, and the batch size is fixed at 64 to

balance computational efficiency and training stability. For regularization, a Dropout

layer with a rate of 0.1 is added after the last convolutional layer in all three methods

to prevent overfitting. This inclusion effectively regulates and enhances each of the

model’s ability to generalize to unseen data. The Adam optimizer is used to minimize

the loss function, and simple data pre-processing includes resizing images to 224×224
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pixels and normalizing them with a mean and standard deviation of 0.5. Additionally,

the number of recipes per dish is set at |Rd | = 20, noting that increasing this num-

ber leads to the retrieval of recipes that do not accurately represent the consulted dish.

Lastly, λ is adjusted from 0.5 to 0.9 in increments of 0.1.

5.3. Evaluation metrics

This section defines the metrics used for food recognition, food group recognition,

and evaluation of the multi-tasking problem as a whole.

5.3.1. Food Recognition

Food recognition is a single-label problem that aims to classify the overall context

of images with the most likely food. For single-label tasks, the Accuracy (A) is the

most popular metric used. This metric is defined as the proportion of correct predictions

concerning the total number of images:

A =
1
N

N∑
n=1

|yi ∩ ŷi|,

where N is the total number of test examples, ŷi denotes a set with the GT label and yi

a set with the label predicted by the model for the i-th example. Cardinality is denoted

by the operator |.|. It is important to note that, in a single-label classification problem,

unlike multi-label ones, the sets have only one value.

5.3.2. Food Groups Recognition

Food group recognition is a multi-label classification problem that involves cate-

gorizing food images with food groups representing each ingredient contained in the

food. For multi-label classification, it is essential to define metrics to evaluate how the

model handles simultaneous prediction of multiple labels. Four key metrics stand out

in this context: Precision (P), Recall (R), F1 Score (F1) and Jaccard Index (JI).

P calculates the proportion of correctly predicted instances relative to the total in-

stances predicted as that label. The formal definition is as follows:

P =
∑N

i=1 |yi ∩ ŷi|∑N
i=1 |yi|
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R is crucial to evaluate the ability of the model to capture all GT labels. For each

label, R calculates the proportion of correctly predicted instances relative to actual

instances of that label. It measures how effectively the model recovers true labels from

a wide range of possibilities. The formal definition is as follows:

R =
∑N

i=1 |yi ∩ ŷi|∑N
i=1 |ŷi|

F1 combines P and R using a harmonic mean into a single metric. This balance

is especially important when the model must predict multiple labels in the context of

food classification. It considers both false positives and false negatives, providing a

comprehensive assessment of model performance. The metric is defined as follows:

F1 = 2 ·
P · R
P + R

Finally, the JI , also known as Intersection over Union (IoU), measures the overlap

between the true labels ŷ and the predicted labels y. In multi-label food recognition,

the JI evaluates how well the predicted labels align with the actual labels and quantifies

the degree of similarity in the set of labels. It takes into account the similarities and

differences between the predicted and true labels, providing information on how well

the model predicts the multi-label nature of food images. The metric is defined as

follows:

JI =
∑N

i=1 |yi ∩ ŷi|∑N
i=1 |yi ∪ ŷi|

5.3.3. Multi-task Food Recognition

In the process of evaluating the model, a key metric known as MTA [22] was ap-

plied to quantify the consistency in the predictions of the model in relation to multiple

classification tasks. The MTA is defined by the following expression:

MTA =
1
N

N∑
i=1

T∏
t=1

|yt
i ∩ ŷt

i |

|yt
i ∪ ŷt

i |

where T denotes the number of classification tasks being evaluated, corresponding to

various labels related to ingredients and food dishes. The term |yt
i ∩ ŷt

i | reflects the
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size of the intersection between the model’s predictions and the GT labels for task t in

sample i, while |yt
i ∪ ŷt

i | relates to the size of the union between the model’s predictions

and the true labels for task t in sample i.

The MTA metric becomes essential, as it allows for evaluating the performance of

the model on multiple classification tasks in a consistent manner. This consistency is

crucial to ensure that the model predictions are accurate and relevant, especially in a

context where the classification of food groups and dishes coexist. The use of the MTA

metric in the model responds to the need to evaluate its ability to coherently classify

both food groups and dishes, a central aspect of the research.

6. Results

To evaluate the performance of multi-task classification methods applied to the

challenge of identifying dishes and their food groups from images, we consider the

following models: ResNet-50, DenseNet-121, and EfficientNet-B4, together with

their improved versions using ontologies built from recipes provided by LLMO-

MFR. Two distinct ontologies were used: one for the MAFood-121 dataset and an-

other for the VireoFood-172 dataset. These evaluations utilized both datasets. For

the variants LLMO-MFR-ResNet-50, LLMO-MFR-DenseNet-121, and LLMO-MFR-

EfficientNet-B4, the λ parameter was determined after analyzing the results in the val-

idation set. Five experiments were conducted with λ values ranging from 0.5 to 0.9.

The results obtained for the training and validation sets are presented in Fig. 8 and Fig.

9.

Fig. 8 shows that in the MAFood-121 dataset, both training and validation, a low λ

tends to offer more consistent and superior performance than a high λ. For example, in

the training set, a λ value of 0.6 showed superior performance in terms of key metrics

(F1, JI, A, and MTA) compared to the baseline for models ResNet-50, DenseNet-121,

and EfficientNet-B4, which correspond to a regularization parameter λ of 1.0. Al-

though λ values of 0.8 and 0.9 also demonstrated good performance, it was the λ of

0.6 that consistently outperformed the baseline in important metrics for single-label,

multi-label, and multi-task tasks across all evaluated models. In the validation set, a
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Figure 8: The performance of LLMO-MFR models, including ResNet-50 (first row), DenseNet-121 (second

row), and EfficientNet-B1 (third row), was evaluated on the MAFood-121 dataset on both the training (first

column) and validation (second column) sets, using a range of λ values from 0.5 to 0.9.

λ value of 0.5 showed superior performance in the metrics of (F1), JI, A, and MTA

compared to the baseline for ResNet-50, effectively covering the tasks of single-label,

multi-label, and multi-task. For DenseNet-121 and EfficientNet-B4, a λ of 0.6 stood

out by providing superior performance in key metrics (F1, JI, A, and MTA) compared

to the baseline, surpassing it in all tasks.

Regarding VireoFood-172 (see Fig. 9), for the three models evaluated in the train-

ing set (ResNet-50, DenseNet-121, and EfficientNet-B4), a λ value of 0.6 provides

superior performance in key metrics (F1, JI, A, and MTA) compared to the baseline.

Although v values of 0.7 and 0.8 also show good performance, it is the v of 0.6 that
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Figure 9: The performance of LLMO-MFR models, including ResNet-50 (first row), DenseNet-121 (second

row), and EfficientNet-B1 (third row), was evaluated on the VireoFood-172 dataset across both the training

(first column) and validation (second column) sets, using a range of λ values from 0.5 to 0.9.

consistently surpasses the baseline in important metrics for the three tasks (single label,

multi-label, and multi-task). In the validation set, a λ value of 0.6 also provides supe-

rior performance in the metrics of F1, JI, A, and MTA for the three models evaluated

compared to the baseline, effectively covering the all tasks.

Therefore, a λ of 0.6 was used to evaluate the model performance in the test set.

This analysis is based on the consistency of the performance of λ of 0.6, which sur-

passed the baseline in all important metrics for single-label, multi-label and multi-task

tasks.
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Method λ P R F1 JI A MTA

ResNet-50 - 0.8313 0.8478 0.8395 0.7234 0.7125 0.5539

OD-ResNet-50 0.8 0.8462 0.8371 0.8416 0.7266 0.7220 0.5777

LLMO-MFR-ResNet-50 0.8 0.8473 0.8447 0.8460 0.7332 0.7252 0.5763

Table 1: Performance comparison on Mexican Food datasets using Webscraping and LLM methods.

6.1. Comparative Performance Based of Web Scraping and LLM Methods for obtain-

ing recipe datasets

Comparative analysis of the results in Table 1 shows a clear advantage of the

LLMO-MFR-ResNet-50 method over the previous web scraping-based approach (OD-

ResNet-50) and the baseline ResNet-50 on Mexican food datasets. In addition to the

performance improvements, a crucial factor to consider is the ontology-building time.

With the web scraping method, collecting data (recipes) for a single dish class can

take approximately one week, since the recipes are scattered across multiple food web-

sites. In contrast, leveraging LLMs reduces the building time significantly to just one

or two days per dish. If a large number of dishes are involved, such as MAFood-121 or

VireoFood-172, web scraping could extend the process over many months, whereas the

LLM-based approach could complete it in just two to three months. Analyzing the met-

rics in the table, the LLMO-MFR-ResNet-50 method outperforms both the baseline and

the previous approach in nearly all aspects. Using the same regularization parameter, λ

of 0.8, LLMO-MFR-ResNet-50 achieves the highest values in P 0.8473, F1 0.8460, JI

0.7332, and A 0.7252, surpassing both OD-ResNet-50 and the baseline ResNet-50 in

these key performance metrics. Although the OD-ResNet-50 method slightly outper-

forms the new approach in MTA, with 0.5777 compared to 0.5763 for LLMO-MFR-

ResNet-50, this difference is minimal. Moreover, the overall performance improve-

ments, particularly in JI, F1, and A, highlight the effectiveness of the LLMO-MFR

method. This parity in MTA, combined with superior results in other critical metrics,

strengthens the case for the LLM-based approach. Notably, these improvements were

achieved using the same regularization parameter configuration, λ of 0.8, as employed

by the baseline model, emphasizing the efficiency of the new method without requiring

changes to the regularization setup. Additionally, process optimization not only accel-
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Method λ P R F1 JI A MTA

ResNet-50 - MAFood-121

ResNet-50 - 0.7631 0.5722 0.6540 0.4859 0.6396 0.3662

LLMO-MFR-ResNet-50 0.6 0.7897 0.5911 0.6761 0.5107 0.6342 0.3986

DenseNet-121 - MAFood-121

DenseNet-121 - 0.7407 0.6002 0.6631 0.4960 0.6604 0.3776

LLMO-MFR-DenseNet-121 0.6 0.7923 0.5971 0.6810 0.5163 0.6670 0.4099

EfficientNet-B4 - MAFood-121

EfficientNet-B4 - 0.7378 0.5500 0.6302 0.4601 0.5855 0.3218

LLMO-MFR-EfficientNet-B4 0.6 0.7679 0.5615 0.6487 0.4800 0.5864 0.3507

Table 2: Comparative performance of the LLMO-MFR method using ResNet-50, DenseNet-121, and

EfficientNet-B4 as backbones on the MAFood-121 dataset, with regularization parameter λ of 0.6.

erates ontology construction but also enables faster iterations and better adaptability as

project needs evolve.

6.2. Comparative Performance Analysis of ResNet, DenseNet, and EfficientNet on the

MAFood-121 Dataset

Analysis of the results obtained in Table 2 reveals key findings when comparing

the baseline models (ResNet-50, DenseNet-121, and EfficientNet-B4) with their im-

proved versions using the LLMO-MFR method with a regularization parameter λ of

0.6 on the MAFood-121 dataset. For ResNet-50, the LLMO-MFR method improves

the performance metrics considerably. The P increases from 0.7631 to 0.7897, while

the R rises from 0.5722 to 0.5911, suggesting a better balance between A and sensi-

tivity. The F1 improves from 0.6540 to 0.6761, and the JI increases from 0.4859 to

0.5107. Although the A decreases slightly from 0.6396 to 0.6342, the increase in MTA

from 0.3662 to 0.3986 suggests better multi-task handling capability. On DenseNet-

121, the P increases from 0.7407 to 0.7923, which is the largest improvement among

the evaluated models. Although the (R) decreases from 0.6002 to 0.5971, the F1 and

JI show significant improvements, increasing from 0.6631 to 0.6810 and from 0.4960

to 0.5163, respectively. The A also improves slightly, from 0.6604 to 0.6670, and the

MTA rises from 0.3776 to 0.4099, reaffirming the model’s ability to handle multiple
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Method λ P R F1 JI A MTA

ResNet-50 - VireoFood-172

ResNet-50 - 0.7796 0.6475 0.7075 0.5473 0.6238 0.3840

LLMO-MFR-ResNet-50 0.6 0.8112 0.6412 0.7162 0.5579 0.6268 0.4040

DenseNet-121 - VireoFood-172

DenseNet-121 - 0.7864 0.6150 0.6902 0.5270 0.6627 0.3916

LLMO-MFR-DenseNet-121 0.6 0.8244 0.6244 0.7106 0.5511 0.6567 0.4152

EfficientNet-B4 - VireoFood-172

EfficientNet-B4 - 0.7657 0.5977 0.6713 0.5052 0.5960 0.3426

LLMO-MFR-EfficientNet-B4 0.6 0.8016 0.6009 0.6869 0.5231 0.5963 0.3636

Table 3: Comparative performance of the LLMO-MFR method using ResNet-50, DenseNet-121, and

EfficientNet-B4 as backbones on the VireoFood-172 dataset, with a regularization parameter λ of 0.6.

tasks. On EfficientNet-B4, the P and R improve moderately, from 0.7378 to 0.7679

and from 0.5500 to 0.5615, respectively. The F1 and JI also improve, although less

sharply, while the A barely rises, from 0.5855 to 0.5864. However, the MTA increases

from 0.3218 to 0.3507, highlighting a modest improvement. In summary, the improved

version of DenseNet-121 using LLMO-MFR is the most significant in terms of overall

improvements in P, F1, JI and MTA, standing out as the most balanced and effective

model among the compared versions.

6.3. Comparative Performance Analysis of ResNet, DenseNet, and EfficientNet on the

VireoFood-172 Dataset

The analysis of the results in Table 3 shows the impact of the LLMO-MFR

method on the ResNet-50, DenseNet-121 and EfficientNet-B4 models, evaluated on

the VireoFood-172 dataset, comparing their baseline versions with the improved ones

using a regularization parameter λ of 0.6. For ResNet-50, the improvements are no-

table, with an increase in P from 0.7796 to 0.8112, reflecting a better ability of the

model to make correct predictions.

Although the R decreases slightly from 0.6475 to 0.6412, the F1 rises from 0.7075

to 0.7162, indicating a better balance between A and sensitivity. The JI also improves

from 0.5473 to 0.5579, suggesting improved performance on class segmentation. The
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A improves from 0.6238 to 0.6268, and the MTA experiences a significant increase

from 0.3840 to 0.4040, reinforcing its generalization capability across multiple tasks.

For DenseNet-121, the improvements are also considerable, with an increase in the P

from 0.7864 to 0.8244, along with an improvement in the R from 0.6150 to 0.6244.

The F1 rises from 0.6902 to 0.7106, and the JI from 0.5270 to 0.5511, reinforcing its

ability to handle class segmentation well. Although A decreases slightly from 0.6627

to 0.6567, MTA increases from 0.3916 to 0.4152, highlighting its ability to handle mul-

tiple tasks. In EfficientNet-B4, the improvements are more moderate. P increases from

0.7657 to 0.8016, while R improves marginally from 0.5977 to 0.6009. F1 and JI also

improve slightly, although the increase in A is minimal. MTA, however, increases from

0.3426 to 0.3636, showing a relative improvement. Overall, the improved version of

DenseNet-121 with the LLMO-MFR method is the most significant in terms of overall

improvement in P, R, F1 and JI, suggesting that it is the model most benefited by the

λ = 0.6 regularization on this dataset. In particular, it excels in complex tasks, repre-

sented by the MTA, and overall, it consolidates as the model with the most significant

improvements, making it the most favored by the LLMO-MFR method.

6.4. Qualitative Comparison of LLMO-MFR-DenseNet-121 and DenseNet-121 on the

MAFood-121 and VireoFood Datasets

Qualitative results, presented in Fig. 10, are shown for the LLMO-MFR-DenseNet-

121 and DenseNet-121 (without ontology) models, using the MAFood-121 and Vireo-

Food datasets, each accompanied by a specific ontology generated with the help of an

LLM. A threshold of 0.5 was applied for classifications, so values below this thresh-

old are interpreted as unclassified by the model. In both datasets, the LLMO-MFR-

DenseNet-121 model shows significant improvements in the classification of dishes

and food groups. For example, in MAFood-121, the dish “kebap” achieved a confi-

dence score of 0.57 compared to 0.37 for the baseline model, and in VireoFood, “Pork

Ribs and White Gourd Soup” reached 0.85 versus 0.80.

In terms of food groups, the proposed model outperforms the baseline in most cat-

egories, such as “vegetable” in MAFood-121 (0.93 vs 0.89) and “Eggs” in VireoFood

(0.73 vs 0.44). These results demonstrate the positive influence of the ontology and

27

This preprint research paper has not been peer reviewed. Electronic copy available at: https://ssrn.com/abstract=4984843

Pr
ep

rin
t n

ot
 p

ee
r r

ev
ie

wed



GT LLMO-MFR-DenseNet121 DenseNet-121

Dish: Steamed Baby Cabbage with galic
& vermicelli

Dish: Pork Ribs and White Gourd 
Soup

Dish: Scrambled Egg with Bitter Melon

Dish: Noodles with Wonton

Dish: Steamed Baby Cabbage with galic
& vermicelli  1.00

Dish: Pork Ribs and White Gourd Soup 
0.85

Dish: Scrambled Egg with Bitter Melon 
0.74

Dish: Noodles with Wonton  1.00

Dish: Steamed Baby Cabbage with galic
& vermicelli  1.00

Dish: Pork Ribs and White Gourd Soup 
0.80

Dish: Scrambled Egg with Bitter Melon 
0.51

Dish: Noodles with Wonton 1.00

Food Groups:
CerealsAndGrainProducts,
 Spices, VegetablesAndLegumes

Food Groups: Beverages, Meat, 
VegetablesAndLegumes

Food Groups: Eggs, 
VegetablesAndLegumes

Food Groups: Beverages, 
CerealsAndGrainProducts, 
VegetablesAndLegumes 

Food Groups:
CerealsAndGrainProducts 0.54 | Spices
0.51 | VegetablesAndLegumes 0.89

Food Groups: Beverages 0.59 |  Meat
0.54 | VegetablesAndLegumes 0.64

Food Groups: Eggs 0.73 | 
VegetablesAndLegumes 0.98

Food Groups: Beverages 0.57 | 
CerealsAndGrainProducts 0.95 |
 VegetablesAndLegumes 0.46  

Food Groups:
CerealsAndGrainProducts  0.63 | Spices
0.49 | VegetablesAndLegumes 0.84

Food Groups: Beverages 0.92 | Meat
0.40 | VegetablesAndLegumes 0.61

Food Groups: Eggs 0.44 |
  VegetablesAndLegumes 0.96

Food Groups: Beverages 0.76 | 
CerealsAndGrainProducts 0.80 | 
VegetablesAndLegumes 0.83

GT LLMO-MFR-DenseNet121 DenseNet-121

Dish: kebap

Dish: bruschetta

Dish: hamburger

Dish: prime rib

Dish: kebap  0.57

Dish: bruschetta  0.86

Dish: hamburger  0.97

Dish: prime rib  0.93

Dish: kebap  0.37

Dish: bruschetta  0.84

Dish: hamburger  0.90

Dish: prime rib  0.98

Food Groups: meat, vegetable

Food Groups: bread, vegetable

Food Groups: bread, meat, vegetable

Food Groups: meat, vegetable

Food Groups: meat  0.56 | vegetable 
0.93

Food Groups: bread  0.55 |  vegetable 
0.79

Food Groups: bread  0.82 | meat  0.73 |
vegetable  0.95

Food Groups: meat 0.87 | vegetable 
0.46 

Food Groups: meat  0.38 | vegetable 
0.89

Food Groups: bread  0.40 | vegetable 
0.76

Food Groups: bread  0.58 | meat  0.51 |
vegetable  0.94

Food Groups: meat 0.75 | vegetable 
0.62

 VireoFood-172

 MAFood-121

Figure 10: Qualitative results showcasing model performance on both the MAFood-121 and VireoFood-172

datasets.

the optimal weighting of 0.6 in the classification process, improving the A in identify-

ing relevant food groups. However, some failure cases were identified, such as “prime
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rib” in MAFood-121 and “Noodles with Wonton” in VireoFood, where the baseline

outperformed the proposed model in some food group predictions. This suggests that,

while the ontology provides valuable prior knowledge, the model must be particularly

precise in applying this knowledge to avoid missing correct predictions. In these cases,

it is crucial that the model balances the additional information provided by the ontol-

ogy to maximize its effectiveness, avoiding potential interferences that could negatively

impact certain predictions.

In summary, the integration of a data-rich ontology, supported by LLMs in its con-

struction, into the LLMO-MFR-DenseNet-121 model provides substantial improve-

ments in the classification of dishes and food groups across both datasets. The increase

in available data within the ontology enhances the model’s ability to recognize and

categorize a broader range of dishes and ingredients, leading to more accurate and con-

sistent results. This highlights the relevance of using ontologies with extensive data for

future applications in computer vision and food classification.

7. Conclusions

This study has demonstrated how the incorporation of LLM-supported ontologies

significantly improves accuracy in food image classification. By supporting the process

of ontology construction, LLMs enable the extraction of more representative recipes

and accelerate the grouping of ingredients into food categories. This results in a faster

and more efficient ontology creation process, which is crucial when working with large-

scale datasets. Furthermore, LLMs allow the retrieval of recipes from a wide variety

of global cuisines, ensuring that the ontology is both comprehensive and adaptable to

diverse culinary contexts.

Moreover, the use of ontologies in conjunction with image data has significantly

enriched the model’s learning process. This integration allows the model to extract and

process information more precisely and efficiently, leading to improved accuracy in

food classification. The ability to adjust parameters, such as different lambdas, further

enhances the robustness of the model. LLMs, by dynamically generating relevant and

contextual content, offer a scalable solution that surpasses traditional methods of data
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compilation. This adaptability paves the way for future research where the system can

continuously and automatically evaluate new dishes and regional variations.

For future research, the integration of nutritional data and allergen detection

through ontologies remains a promising area, which could not only improve accuracy

in food classification but also have significant implications for food safety and diet per-

sonalization. Furthermore, expanding this approach to different cultures and regions

of the world could provide valuable insights into global culinary diversity and its im-

pact on food recognition technologies. Additionally, the exploration of Graph Neural

Networks GNN to further enhance the understanding of complex relationships in food

ontologies promises deeper insights and even more accurate classifications.

Therefore, the support of LLMs in ontology creation and their integration into deep

learning models represents a significant advancement in the field of food image anal-

ysis. This approach opens new avenues for research and development in the realm of

artificial intelligence applied to nutrition and global gastronomy.
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