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ABSTRACT

Transforming tabular data into synthetic images enables the application of vision-based deep learning models
- such as Convolutional Neural Networks and Vision Transformers — to non-visual tasks. This paper presents
TINTOIlib, the first Python library to unify a diverse set of tabular data into synthetic image transformation
methods into a cohesive, extensible framework. TINTOlib unifies parametric and non-parametric tabular to
synthetic image methods within a consistent interface, lowering the barrier to apply, compare, and extend these
techniques. The generated images can be directly used with vision models or integrated into Hybrid Neural
Networks that combine visual and tabular branches. By addressing reproducibility, scalability, and modularity,
the library simplifies experimentation and deployment of deep learning pipelines on tabular data. Illustrative
results show that the use of synthetic images can achieve competitive or superior performance compared
to state-of-the-art classical models in both regression and classification tasks, with outcomes varying across
transformation techniques and architectural backbones. This underscores the utility of TINTOIlib in bridging
tabular data with vision-based deep learning via synthetic image representations.
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1. Motivation and significance

Tabular data are widely used in areas such as healthcare, finance,
and manufacturing. However, the heterogeneous and non-spatial na-
ture of tabular data often makes traditional ensemble methods more ef-
fective, leaving the full potential of deep neural networks underutilized
for structured data analysis [1,2]. In contrast, Convolutional Neural
Networks (CNNs) and Vision Transformers (ViTs) have demonstrated

* Corresponding author.

remarkable performance on image data, where spatial relationships
between features are explicit. This gap has motivated the development
of methods that transform tabular data into synthetic images [3],
thereby enabling structured data to benefit from powerful vision-based
architectures [4,5]. A recent survey on representation learning for
tabular data [6] situates tabular to synthetic image methods within
the broader field. However, implementations remain fragmented across
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Table 1

Implemented transformation methods in TINTOlib, with their respective modules and classifications.
Method Module Class Type
IGTD TINTOlib.igtd IGTD Parametric
REFINED TINTOlib.refined REFINED Parametric
TINTO TINTOlib.tinto TINTO Parametric
BarGraph TINTOlib.barGraph BarGraph Non-Parametric
BIE TINTOlib.BIE BIE Non-Parametric
Combination TINTOlib.combination Combination Non-Parametric
DistanceMatrix TINTOlib.distanceMatrix DistanceMatrix Non-Parametric
FeatureWrap TINTOlib.featureWrap FeatureWrap Non-Parametric
SuperTML TINTOlib.supertml SuperTML Non-Parametric

individual works and lack a reusable and standardized form, further
motivating the need for unified tooling.

Tabular data INTO synthetic images library (TINTOlib) addresses
this gap as the first Python library that unifies state-of-the-art tabular
to synthetic image transformation methods under a single, extensi-
ble framework. It implements both parametric approaches, such as
Tabular data INTO synthetic images (TINTO) [7], Image Generator
for Tabular Data (IGTD) [8], and REpresentation of Features as Im-
ages with NEighborhood Dependencies (REFINED) [9], which learn
optimized spatial layouts, and non-parametric approaches, such as
BarGraph, DistanceMatrix, Combination [10], SuperTML [11], Fea-
tureWrap [12], and Binary Image Encoding (BIE) [13], which directly
map features into visual formats. All methods follow a consistent
fit/transform interface, designed to be easily used as input for
deep learning pipelines.

Designed for flexibility and reproducibility, TINTOlib enables re-
searchers to generate synthetic images from tabular data and to apply
them directly to CNNs, ViTs, and Hybrid Neural Networks
(HyNNs) [14], which combine visual and tabular processing branches.
By resolving limitations such as uncontrolled randomness and lack of
modularity in existing implementations, the library reduces the entry
barrier for exploring vision-based deep learning on structured data and
promotes reproducible research.

TINTOIlib is open source (Apache License 2.0) and is publicly avail-
able on GitHub,! PyPl, and Zenodo [15]. The installation details and
software requirements are provided in Appendix. To support usability
and reproducibility, the library includes detailed documentation® and
a crash course repository with complete examples and notebooks.?

2. Software description

TINTOLlib is a Python library that unifies diverse tabular to synthetic
image transformation methods into a single coherent framework, al-
lowing researchers to generate synthetic images from structured data
and apply them to vision-based or hybrid deep learning models. Its
core design goals are flexibility, reproducibility, and extensibility: all
methods follow a standardized fit/transform interface, outputs
are organized in a consistent format, and new transformations can
be integrated through modular base classes. This section outlines its
architecture and core functionalities.

2.1. Software architecture

TINTOlib adopts an object-oriented design centered around the
abstract class AbstractImageMethod, which defines a standardized
interface for all transformation methods. Each transformation method
is implemented as a subclass and encapsulated in a separate module,
as detailed in Table 1. These subclasses implement either parametric

1 https://github.com/oeg-upm/TINTOlib
2 https://tintolib.readthedocs.io/en/latest/index.html
3 https://github.com/oeg-upm/TINTOlib-Crash_Course

or non-parametric strategies for converting tabular data into 2D image
representations.

The UML diagram in Fig. 1 illustrates the library’s architecture.
By enforcing inheritance from the abstract base class, TINTOlib guar-
antees modularity and consistency across methods, facilitating code
maintenance and user extensibility.

2.2. Software functionalities

TINTOlib provides a plug-and-play framework for generating syn-
thetic images from tabular datasets. Its functionalities are designed
around two main transformation strategies:

» Parametric methods: TINTOlib includes three parametric trans-
formations: IGTD [8], REFINED [9], and TINTO [4,7]. IGTD
assigns each pixel to a feature and arranges them by minimiz-
ing the difference between an ideal similarity-based distance
matrix and the actual pixel layout, ensuring that correlated fea-
tures appear spatially close. REFINED projects features onto a
2D plane using multidimensional scaling (MDS) and then applies
a hill-climbing algorithm to refine their placement, producing
structured layouts where similar features remain close together
and neighborhood dependencies are preserved for vision models.
TINTO projects features into a 2D space using dimensionality
reduction, normalizes the resulting coordinates, and maps them to
pixel positions; a blurring step is then applied to enhance spatial
continuity.

Non-parametric methods: Six non-parametric transformations
are provided: BarGraph, DistanceMatrix, Combination [10],
BIE [13], FeatureWrap [12], and SuperTML [11]. These meth-
ods do not perform spatial optimization; instead, they translate
features directly into visual representations. BarGraph encodes
normalized variable values as bars with configurable widths and
spacing. DistanceMatrix constructs square images where each
pixel encodes the pairwise difference between feature values.
Combination merges these two encodings into a single image,
stacking a distance layer, a bar-graph layer, and a raw-value layer.
BIE converts floating-point feature values into binary strings and
maps the resulting bits into pixel matrices. FeatureWrap encodes
features as fixed-length binary vectors. Finally, SuperTML renders
feature values directly as text within an image, either using equal
fonts (SuperTML-EF) or scaling font size according to feature
importance (SuperTML-VF).

Each method follows a unified API with fit (), transform(),
and fit_transform(). In parametric methods, fit () learns a
spatial layout of feature, typically through dimensionality reduction,
distance-preserving embeddings, or optimization procedures, that de-
fines how tabular variables are mapped onto the image space. For non-
parametric methods, £it () does not involve learning but is provided
to maintain a consistent interface. This design mirrors scikit-learn’s
widely adopted transformation pattern, ensuring familiarity and ease
of integration.
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Fig. 1. UML diagram of TINTOIib. All transformation methods inherit from AbstractImageMethod, promoting modularity and code reuse.

Most methods were either adapted from original implementations

@ AbstractimageMethod

o default_problem = "supervised"

o default_normalize = True

o default_verbose = False

o default_hyperparameters_filename = 'objs.pkl'

o AbstractimageMethod(problem, verbose)
o saveHyperparameters(filename)

o loadHyperparameters(filename)

o fit (data)

o transform (data, folder)

o fit_transform (data, folder)

o _fitAlg(x, y)

o _transformAlg(x, y)
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[
@ BarGraph

o default_pixel_width = 1
o default_gap = 0
o default_zoom = 1

o BarGraph(problem, normalize, verbose,
pixel_width, gap, zoom)

o _fitAlg(x, y)

o _transformAlg(x, y)

!

|

@ DistanceMatrix

@ Combination

o default_zoom = 1

o default_zoom = 1

o DistanceMatrix(problem, normalize, verbose,
zoom)

o _fitAlg(x, y)

o _transformAlg(x, y)

o Combination(problem, normalize, verbose, zoom)
o _fitAlg(x, y)
o _transformAlg(x, y)

© o

@ SuperTML

o default_scale = [6,6]

o default_fea_dist_method = "Pearson"

o default_image_dist_method = "Euclidean"
o default_zoom = 1

o default_max_step = 1000

o default_val_step = 50

o default_error = "squared"

o default_switch_t =0

o default_min_gain = 0.00001

o default_random_seed = 1

o default_pixels = 224

o default_font_size = 10

o default_feature_importance = False
o default_random_seed = 1

o SuperTML(problem, normalize, verbose, pixels,
feature_importance, font_size, random_seed)

o _fitAlg(x, y)

o _transformAlg(x, y)

o IGTD(problem, normalize, verbose, scale

o _fitAlg(x, y)
o _transformAlg(x, y)

, fea_dist_method, image_dist_method,
error, max_step, val_step, switch_t, min_gain, zoom, random_seed)

\

© rene

[

o default_hc_iterations = 5
o default_n_processors = 8
o default_zoom = 1

o default_random_seed = 1

© ™o

o default_algorithm = "PCA"
o default_pixels = 20

o default_submatrix = True
o default_blur = False

o default_amplification = np.pi
o default_distance = 2

o default_steps = 4

o default_option = "mean"

o default_train_m = True

o default_random_seed = 1

o default_times = 4

o default_zoom = 1

o REFINED(problem, normalize, verbose, hclterations,
n_processors, zoom, random_seed)

o _fitAlg(x, y)

o _transformAlg(x, y)

\
© BE

o default_precision = 32
o default_zoom = 1

amplification, distance, steps, option, ti
o _fitAlg(x, y)
o _transformAlg(x, y)

o TINTO(problem, normalize, verbose, pixels, algorithm, blur, submatrix,

o BIE(problem, normalize, verbose, precision, zoom)
o _fitAlg(x, y)
o _transformAlg(x, y)

mes, train_m, zoom, random_seed)

@ FeatureWrap

o default_size = [8,8]
o default_bins = 10
o default_zoom = 1

o FeatureWrap(problem, verbose, size, bins, zoom)
o _fitAlg(x, y)
o _transformAlg(x, y)

or re-engineered based on published specifications. In cases such as

SuperTML and FeatureWrap, hybrid strategies combining documenta-
tion and third-party resources were used to ensure correctness and

completeness.
Beyond the nine methods currently included, TINTOlib is delib-

erately extensible: new tabular to synthetic images techniques can
be added by subclassing AbstractImageMethod and implementing 2

fit/transform, while the base class manages validation, configu-

ration, and standardized I/0. Expanding coverage to more methods is

an active focus; approaches such as Deeplnsight [16], Tab2Visual [17],
LM-IGDT [18], TabMap [19], and TablEye [20] could be incorporated

under this pattern, subject to stable specifications, licensing, and the

availability of reference implementations.

2.3. Access and installation

TINTOLlib is available through the Python Package Index (PyPI) and
can be installed using pip*:

1 # Install TINTOlib from PyPI
pip install TINTOIlib

Code 1 Installing TINTOlib from PyPI.

4 https://pypi.org/project/TINTOlib/
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For full access to the source code, usage examples, and documen-
tation, refer to the GitHub repository [15,21], the official documenta-
tion,> and the crash-course repository with complete examples pipelines
and notebooks.®

2.4. Example usage

All transformation methods in TINTOIlib follow a unified API with
fit () and transform() (see Code 2), and fit_transform()
(see Code 3) methods.

1 # Import the TINTO class from TINTOIlib

2 from TINTOIlib. tinto import TINTO

4 # Instantiate the TINTO method for a classification
task

5 image_method = TINTO(problem=’supervised ’)

7 # Train the transformation model on the dataset
¢ image_method. fit (data=dataset, folder=folder)

10 # Apply the learned transformation to generate images

11 image_method. transform (folder=folder)

12

13 # The generated images will be stored in the specified
output folder

Code 2 Applying the parametric transformation method (e.g. TINTO)
in TINTOlib.

1 # Import the BarGraph class from TINTOIlib
from TINTOlib.barGraph import BarGraph

ENEEN)

# Instantiate the BarGraph method for a regression
task

5 image_method = BarGraph(problem="regression’)
6
7 # Load and transform the dataset, saving the generated
images
s image_method. fit_transform (data=dataset, folder=folder
)

10 # The transformed images will be saved in the
specified output folder

Code 3 Applying the non-parametric transformation method (e.g.
Bargraph) in TINTOlib.

3. Ilustrative examples

This section visually demonstrates how tabular data is transformed
into synthetic images using various methods available in TINTOlib.
We apply these transformations to two datasets: the Boston hous-
ing dataset (Regression)’ and the Multiple Features Dataset - Fourier
variant (Mfeat-fourier, Classification)®

Parametric transformations such as TINTO, IGTD, and REFINED
construct images by learning a spatial arrangement of features, relying
on distance metrics or similarity-based embeddings. Each feature is

5 https://tintolib.readthedocs.io/en/latest/

6 https://github.com/oeg-upm/TINTOlib-Crash_Course

7 https://www.openml.org/search?type=data&sort=runs&id=531&status=
active

8 https://www.openml.org/search?type=data&sort=runs&id=148&status=
active
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mapped to a single pixel, so even datasets with hundreds or thousands
of variables can be represented in relatively small images. This allows a
compact layout that encodes a large number of features while keeping
the image size manageable for vision models. As a result, these meth-
ods are particularly well suited to high-dimensional data, producing
dense and structured representations. An example is shown for the
Mfeat-Fourier dataset in Fig. 3.

Non-parametric methods such as BarGraph, DistanceMatrix, Su-
perTML, FeatureWrap, Combination, and BIE map feature values di-
rectly to visual components without performing any spatial optimiza-
tion. While this direct mapping makes them simple to compute and
easy to interpret, the image size grows in proportion to the number
of features. These methods therefore generate clear and interpretable
visualizations for datasets with a small number of variables, such as
the Boston housing dataset in Fig. 2, but they scale poorly for high-
dimensional data. In datasets with more features, such as Mfeat-Fourier
(Fig. 3), non-parametric approaches would lead to larger or cluttered
images, which reduces interpretability and increases computational
cost for downstream vision models.

Figs. 2 and 3 illustrate synthetic images generated by each method.

3.1. Experimental setup

This section describes the experimental protocol used to illus-
trate TINTOlib’s usability and to enable fair, reproducible comparisons
across transformations and model families; the setup is illustrative
rather than an exhaustive benchmark. We therefore evaluate two
representative tasks: regression (Boston) and classification (Mfeat—
fourier). In each case, data are split into train/validation/test with
a 70/15/15 ratio using the same random seed across all models to
ensure identical splits. Categorical variables are one-hot encoded and
numerical variables are min-max scaled; this preprocessing is applied
consistently to all models, including the classical baselines.

We compare tabular and vision architectures as well as hybrids.
Classical baselines are XGBoost, LightGBM, and CatBoost. Deep learn-
ing baselines include an MLP (tabular), a CNN, and a ViT (vision).
Hybrid models (HyCNN and HyViT) combine an image branch (CNN
or ViT) with an MLP branch on the raw tabular features. All model
families are tuned with Optuna hyperparameter searches; to ensure
comparability, we use identical search spaces across tasks, models, and
transformation methods, and the MLP branch in hybrids shares the
standalone MLP search space. Best configurations are selected based
on validation performance.

Transformation method hyperparameters are not tuned and remain
fixed across both tasks to showcase default usability, with the sole
exception of FeatureWrap, which requires task-specific sizing to control
output image dimensions. For robustness, the best configuration iden-
tified by Optuna for each setting is re-run with five independent seeds;
we report mean + standard deviation. Accuracy is used for classification
and RMSE for regression. Fig. 4 illustrates the hybrid configuration
(image branch plus tabular MLP).

We emphasize that the two datasets used were selected to illustrate
TINTOlib’s flexibility with different tabular characteristics: Boston has
fewer features, resulting in sparser synthetic images (see Figs. 2),
while Mfeat-Fourier is middle-dimensional with complex feature inter-
actions, resulting in rich image structures (see Fig. 3). These settings
are not intended as definitive benchmarks, but rather as accessible and
contrasting examples.

3.2. Experimental results

We organize results in two steps: (i) for each task, we vary the
transformation method and backbone (CNN, ViT, and their hybrids) to
assess how pairings behave (Tables 2 and 3); and (ii) we situate the best
vision/hybrid configurations against strong classical baselines (Table
4). All scores are reported as mean + std over five seeds.
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(1)

Fig. 2. Visual representations of synthetic image transformations applied to the Boston housing dataset: (a) TINTO; (b) IGTD; (c) REFINED; (d) BarGraph; (e)
DistanceMatrix; (f) Combination; (g) SuperTML; (h) FeatureWrap; and (i) BIE.

.I

I

I--
gl =
(b)

Fig. 3. Visual representations of synthetic image transformations applied to the Multiple Features Dataset: Fourier: (a) TINTO; (b) IGTD; (c) REFINED; (d)
BarGraph; (e) DistanceMatrix; (f) Combination; (g) SuperTML; (h) FeatureWrap; and (i) BIE.
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Fig. 4. A simplified illustration of the HyNN architecture, where CNN or ViT process synthetic images, while MLP handles tabular data.

Table 2

Results using the Regression (RMSE |) task on the Boston dataset. Values are reported as mean + std over 5 seeds. Best results
per transformation are shown in bold.

Transformation ViT ViT+MLP CNN CNN-+MLP

IGTD 3.1423 +£ 0.4393 2.7182 + 0.2550 3.3517 +0.3704 3.8601 + 0.4261
REFINED 2.8878 +0.0754 2.7975 £ 0.1112 2.6553 +0.3108 2.4389 +0.1630
TINTO 3.4201 £0.2915 2.9124 + 0.2221 3.3786 + 0.4393 3.0586 + 0.5522
BarGraph 2.5199 + 0.1961 2.5593 +0.2469 2.6941 +£0.2354 2.8532 +0.2366
DistanceMatrix 3.3126 + 0.4841 2.9739 +0.2240 2.7075 + 0.0844 2.7680 + 0.0921
Combination 2.6335 +0.1637 2.7065 + 0.1354 2.8055 +0.4631 3.0653 + 0.8553
BIE 5.7790 + 0.7448 3.7024 + 0.4825 6.1717 £ 0.3183 3.6898 +0.2622
FeatureWrap 6.6278 +0.3493 3.0425 + 0.0895 6.2074 £ 0.4733 3.3606 + 0.3171
SuperTML 6.1095 + 0.4264 3.2711 £ 0.7654 4.7482 + 0.2940 3.3525+0.5113

Table 2 highlights the benefits of hybrid models in regression tasks.
These configurations often outperform their vision-only counterparts,
particularly when the synthetic image fails to preserve numerical pre-
cision. However, some powerful standalone backbones such as ViT
remain competitive. These observations reinforce the recommendation
to explore multiple combinations of transformations and model types.

On the other hand, Table 3 shows that hybrid architectures also
tend to enhance classification performance, particularly for transfor-
mation methods that on their own yield weaker results. This benefit is
especially evident when the MLP head compensates for the limitations
of the vision model in extracting meaningful patterns from synthetic
images. However, for certain transformations, strong visual backbones
like ViT can achieve top performance without requiring hybridization,
demonstrating their robustness in high-dimensional classification tasks.
In the Mfeat-Fourier dataset, the large number of numerical features
is associated with rich, densely populated synthetic images (Fig. 3),
in contrast to the sparser representations observed in low-dimensional
datasets such as Boston (Fig. 2).

Therefore, adding an MLP head often helps, particularly for weaker
encodings, but the effect is not universal, and we recommend trying
multiple (encoding, backbone, MLP) combinations per dataset. Notably,
in some settings the best results are achieved by a hybrid model,
whereas in others a plain backbone suffices. These experiments are in
two representative settings; we provide additional results and ongoing
analyses [15,22].

Table 4 summarizes performance across model families. Several vi-
sion and hybrid configurations are competitive with classical baselines
such as XGBoost and CatBoost. This reinforces that performance gains

are driven by the specific transformation-architecture pairing, not by
any universally superior model.

Overall, our two tasks illustrate that performance depends strongly
on the transformation-architecture pairing rather than any single uni-
versally best choice. Hybrids are not uniformly superior, though they
can yield the best outcome in some cases (e.g., HyCNN+REFINED on
Boston). Note that these findings are illustrative and not universally
generalizable. They are intended to demonstrate TINTOlib’s function-
ality. Moreover, it is important to consider that most transformation
methods are accompanied by specific guidelines in their original pub-
lications regarding the most suitable neural architectures or training
setups. For example, BIE [13] recommends using pretrained CNNs to
enhance final model performance.

4. Impact

TINTOlib addresses the current fragmentation of tabular data into
synthetic images methods: many transformations exist, but their imple-
mentations are scattered, inconsistently specified, and hard to reuse.
To our knowledge, TINTOIib is the first unified and extensible Python
library designed explicitly for flexibility and reproducibility in this
space. It provides a consistent transformation style using the fit/
transform API across both parametric and non-parametric trans-
formations, a standardized output layout, and reference pipelines and
notebooks that let researchers generate synthetic images from tabular
data and apply them directly to CNNs, ViTs, and hybrid vision-tabular
models easily.

Beyond its core functionality, TINTOlib is engineered for repro-
ducibility and reuse. The distribution includes deterministic seeding
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Results using the Classification (Accuracy 1) task on the Mfeat-Fourier dataset. Values are reported as mean + std over 5 seeds.

Best results per transformation are shown in bold.

Transformation ViT ViT+MLP CNN CNN-+MLP

TINTO 0.8700 + 0.0170 0.8667 +0.0147 0.8647 + 0.0077 0.8447 +0.0214
IGTD 0.8313 +0.0130 0.8207 + 0.0162 0.7987 + 0.0251 0.7980 + 0.0117
REFINED 0.8073 £ 0.0136 0.8080 + 0.0244 0.8047 + 0.0093 0.7973 + 0.0043
DistanceMatrix 0.8213 +0.0222 0.8373 +0.0119 0.8100 + 0.0180 0.8013 + 0.0080
BarGraph 0.8253 +0.0183 0.8240 + 0.0258 0.8067 + 0.0268 0.8173 £ 0.0132
Combination 0.8360 + 0.0179 0.8207 £ 0.0155 0.8040 + 0.0083 0.8120 + 0.0096
SuperTML 0.7427 +0.0182 0.8120 + 0.0177 0.6613 +0.0475 0.6920 + 0.0581
FeatureWrap 0.6747 + 0.0229 0.8160 + 0.0068 0.5940 + 0.0185 0.8013 £ 0.0110
BIE 0.6780 + 0.0210 0.8053 +0.0112 0.4813 £0.1171 0.5187 +0.3822

Table 4
Performance comparison of different model architectures on the test split. Best
results are shown in bold.

Model Classification (Accuracy 1)
— Mfeat-Fourier

Regression (RMSE |) —
Boston

XGBoost 0.8420 + 0.0096 2.7749 + 0.1665
CatBoost 0.8587 + 0.0096 2.7001 + 0.1062
LightGBM 0.8573 +£0.0103 2.8055 +0.1009
MLP 0.8200 + 0.0122 2.8280 £ 0.1311
CNN 0.8647 + 0.0077 (TINTO) 2.6553 +0.3108 (REFINED)
HyCNN 0.8447 +0.0214 (TINTO) 2.4389 +0.1630 (REFINED)
ViT 0.8700 + 0.0167 (TINTO) 2.5199 +0.1961 (BarGraph)
HyViT 0.8667 + 0.0147 (TINTO) 2.5593 +0.2469 (BarGraph)

and easy to use hyperparameters. The architecture is deliberately open
and future-proof: new transformations can be added by subclassing the
provided abstract base classes, inheriting validation, logging, and 1/0.
In this way, TINTOlib not only lowers the barrier to applying, com-
paring, and reusing existing methods, but also offers the community a
practical path to contribute additional transformation techniques under
a single and maintainable framework.

The empirical results in this paper are illustrative rather than ex-
haustive: Table 4 situates vision-based and hybrid models enabled
by TINTOlib alongside strong classical baselines on one classification
and one regression task. Outcomes vary by dataset, transformation,
and backbone; in several settings, vision-based and hybrid models
are competitive with gradient boosting methods. Synthetic images can
reorganize and highlight visual patterns derived from tabular struc-
ture, but they may lose numerical precision or explicit inter-variable
relationships that the MLP branch can preserve. This complementarity
makes hybrids a promising direction, particularly since the MLP branch
could be replaced or extended with other deep learning models [4,5].
Note that some transformation methods may perform better when
applying the architectural recommendations provided in their original
publications, e.g., BIE [13] advises the use of pretrained models to
boost final accuracy.

5. Conclusion and future work

TINTOLlib unifies diverse tabular to synthetic image methods under
a reusable framework and demonstrates how these representations can
be used with CNNs, ViTs, and hybrid vision-tabular models.

The illustrative experiments presented in this work show that TIN-
TOlib makes it straightforward to compare multiple methods and ar-
chitectures within a unified framework, and that vision-based and
hybrid approaches can be competitive with strong classical baselines on
both regression and classification tasks. However, these results should
not be interpreted as universally generalizable. Performance depends
heavily on the dataset characteristics, transformation strategy, and
backbone architecture. While hybrid models often offer improvements
— especially when combining strong MLP heads with less effective
visual encodings — they are not always superior. Moreover, several

transformation methods come with specific guidelines in their orig-
inal publications regarding suitable neural architectures or training
procedures.

Future development will focus on extending the library with both
new and existing transformation methods, subject to licensing and spec-
ification stability. In parallel, we plan to explore and adopt widely used
interpretability techniques from computer vision, enabling a deeper
understanding of how models leverage synthetic images, identifying
which features drive predictions, and ensuring transparency and trust-
worthiness in applications where tabular data are critical.
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Appendix. Software specifications
TINTOIib is openly available to the research community to promote
transparency, reproducibility, and collaborative development. The li-

brary is hosted on GitHub’ and Zenodo [15], providing full access to
the source code, documentation, and example use cases. Additionally,

9 https://github.com/oeg-upm/TINTOlib


https://github.com/oeg-upm/TINTOlib

J. Liu et al.

it is published on the Python Package Index (PyPI),'° enabling easy
installation and integration with existing Python workflows.

The software is distributed under an open-source license (Apache
License 2.0), which allows users to freely use, modify, and distribute the
library, ensuring flexibility for academic and industrial applications.
By combining access through GitHub and PyPI, and providing detailed
documentation, TINTOlib ensures accessibility and ease of use for
practitioners and researchers alike. Furthermore, ongoing updates and
community contributions are encouraged to continuously enhance the
library’s capabilities.

A.1. Computational details

TINTOLlib is compatible with all versions of Python starting from 3.7.
The library can be installed and executed on various operating systems,
including Linux, MacOS, and Windows, but some specific requirements
must be met for certain transformation methods.

Specific requirements for transformation methods

+ REFINED: This method relies on mpi4py, which enables parallel
computation using MPI (Message Passing Interface). However,
mpi4dpy requires administrative permissions to utilize multiple
processors, making it incompatible with platforms like Google
Colab.

— Installation on Linux: Ensure that the MPI environment is set
up before installing mpi4py. Run the following commands:

sudo apt-get install python3
sudo apt install python3-pip
sudo apt install python3-mpidpy

Once MPI is installed, use:

pip install mpidpy

- Installation on MacOS and Windows: Direct installation of
mpi4py is supported. Use the following command:

pip install mpidpy

» SuperTML: This method relies on the MS Sans Serif font to
generate text-based synthetic images. On systems like Windows,
this font is available by default. However, for Linux and MacOS,
additional steps are required to install the necessary fonts:

- Linux: Install the Microsoft Core Fonts package by running
the following command:

sudo apt install ttf-mscorefonts-
installer

— MacOS: Download and install the Microsoft Core Fonts
package using tools like Homebrew:

brew tap homebrew/cask-fonts
brew install --cask font-microsoft
-sans-serif

On Google Colab, installing additional fonts is not permitted
due to administrative restrictions. Consequently, the SuperTML
method may not work as intended in this environment without
further customization.

10 https://pypi.org/project/TINTOlib/
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A.2. General dependencies for TINTOlib

The library requires the following Python packages, which support
the implementation of various transformation methods:

TINTO1lib (core library)

numpy (numerical computations)

pandas (data manipulation)

scikit-learn (data preprocessing and feature selection)
matplotlib (visualizations)

tensorflow or pytorch (deep learning frameworks)
keras (deep learning framework)

mpi4py (for REFINED, as detailed above)
keras_preprocessing (data preprocessing utilities for Keras)
tifffile (handling TIFF image formats)

tqdm (progress bar visualization)

seaborn (advanced data visualization)

bitstring (manipulation of binary strings)
opencv-python (computer vision utilities)

A.3. Recommendations

After installing TINTOLlib and its dependencies, it is highly recom-
mended to restart the Jupyter Notebook kernel to ensure that all
packages are properly loaded and functional.

A.4. Note on google colab compatibility

While TINTOlib supports most methods seamlessly in Google Colab,
certain limitations should be considered:

» The REFINED method cannot run in Colab due to the lack of
administrative permissions required for parallel processing with
mpiépy.

» The SuperTML method may require additional font installations,
which are restricted in Colab.

By addressing these considerations, TINTOlib ensures robust func-
tionality across different environments and enables researchers to lever-
age its capabilities for transforming tabular data into synthetic images.

Data availability

The complete Python source code of the TINTOIlib library is avail-
able at GitHub and Zenodo [15]. The repository containing the Python
code for the experiments reported in this manuscript, including the
Jupyter notebooks for the two datasets used, is accessible at Github
and Zenodo [21].

In addition, a dedicated benchmark webpage is maintained!! [22],
where results and comparative analyses across a growing set of
datasets, transformation methods, and neural architectures are con-
tinuously updated. This page aims to foster reproducibility and trans-
parency while providing researchers with a reference point for further
exploration and evaluation in this area.
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