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 a b s t r a c t

Despite the success of deep neural networks on perceptual data, their performance on tabular data remains 
limited, where traditional models still outperform them. A promising alternative is to transform tabular data 
into synthetic images, enabling the use of vision architectures such as Convolutional Neural Networks (CNNs) 
and Vision Transformers (ViTs). However, the literature lacks a large-scale, standardized benchmark evaluating 
these transformation techniques. This work presents the first comprehensive evaluation of nine spatial encoding 
methods across 24 diverse regression and classification datasets. We assess performance, scalability, and com-
putational trade-offs under a unified framework with rigorous hyperparameter optimization. Our results reveal 
a performance landscape structured by data regimes, defined by sample size (𝑁) and dimensionality (𝑑), and 
show that the transformation method exerts a significantly stronger influence on predictive performance than the 
chosen vision architecture. In particular, REFINED emerges as the most robust transformation across tasks and 
datasets. Hybrid models (CNN+MLP, ViT+MLP) consistently reduce predictive variance, offering advantages 
especially in smaller datasets, yet play a secondary role. These findings suggest that transforming tabular data 
into synthetic images is a powerful, yet data-dependent, strategy. This benchmark provides clear guidance for 
researchers and practitioners, offering key insights into scalability, transformation behavior, and architectural 
interplay, establishing a comprehensive reference for future research on spatial encodings for tabular data.

1.  Introduction

Deep learning models, such as Convolutional Neural Networks 
(CNNs) and Vision Transformers (ViTs), have demonstrated remark-
able success in processing unstructured perceptual data such as images 
and text [1–3]. However, their application to tabular data, a format 
widely used in healthcare, finance and other domains [4,5], remains a 
significant challenge. The non-spatial, heterogeneous and permutation-
invariant nature of tabular features [6] means that the strong inductive 
biases of vision models are not effective. Consequently, classical ensem-
ble methods, particularly Gradient Boosted Decision Trees (GBDTs), of-
ten outperform DNNs [7,8], as their axis-aligned splitting mechanisms 
are well-suited to such data. This persistent performance gap is a critical 
and well-documented problem [6–8].

Recent efforts to bridge this gap involve the transformation of tabular 
data into synthetic images, allowing CNNs and ViTs to process tabular 
information [9,10]. This strategy, known as spatial encoding, proposes 
to re-engineer the data to fit the models. The central hypothesis is that 
by intelligently remapping order-free features onto a 2D grid, e.g., by 
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placing similar features in close proximity [11,12], a meaningful spa-
tial structure can be imposed. This allows the powerful inductive biases 
of vision models to extract complex patterns [13–15]. Various spatial 
encoding methods have been proposed, ranging from complex spatial 
encodings [11,12] and straightforward visualizations [16] to domain-
specific applications [17,18].

Despite this promising activity, the field remains fragmented and 
a clear understanding of when and why these transformation meth-
ods work is lacking [6]. Comprehensive surveys [7] describe the land-
scape, but do not provide empirical performance comparisons. In con-
trast, individual method papers are often proofs-of-concept, demonstrat-
ing efficacy in specific domains [3,17,18], but lacking generalizabil-
ity. Critically, there is no large-scale study that systematically com-
pares these competing spatial encoding methods against each other and 
against strong classical baselines. Although hybrid CNNs have been ex-
plored [19], the systematic evaluation of modern Vision Transformers 
(ViT), both as standalone models and in hybrid (ViT+MLP) configu-
rations, remains a significant and unaddressed area. This gap, often 
highlighted as a major hindrance to the progress of the field [5,6,8], 
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makes it difficult for practitioners to make informed, evidence-based 
decisions.

This paper directly addresses this research gap by presenting the first 
large-scale systematic benchmark of spatial encoding methods for tabu-
lar data. We evaluate nine representative transformation methods across 
24 diverse regression and classification datasets, including the standard-
ized OpenML-CC18 [20] and CTR23 [21] suites. To guide our investiga-
tion, we structure our systematic benchmark around the following key 
Research Questions (RQs):
RQ1: How does the predictive performance of spatial encoding methods 
compare against strong classical baselines across diverse data regimes 
(e.g., sample size, dimensionality, and feature type mix)?
RQ2: What are the computational trade-offs (e.g., transformation 
time, scalability) of different encoding families (parametric vs. non-
parametric), and how do they impact feasibility for high-dimensional 
data?
RQ3 To what extent do modern vision architectures (ViTs) and hybrid 
models (ViT+MLP, CNN+MLP), inspired by advances in multimodal 
learning [22–24], improve predictive performance or stability compared 
to standalone vision or classical models?
RQ4 Which transformation methods and architectures are the most ro-
bust, and what are the key open challenges and insights (such as han-
dling categorical features) for their practical application?

The remainder of this paper is organized as follows. Section 2 
presents a structured literature review, categorizing transformation 
techniques into integrated, non-parametric, and parametric families, 
and motivating the need for a unified benchmark. Section 3 formal-
izes the selected spatial encoding methods and analyzes their algorith-
mic complexity. Section 4 introduces the experimental design, including 
datasets, evaluation protocols, and computational tools. Section 5 re-
ports the empirical results across four experiments, comparing classical 
models, deep learning architectures, and hybrid networks, and includes 
statistical significance testing. Section 6 provides a qualitative and com-
putational analysis of the generated synthetic images. Finally, Section 7 
summarizes the main findings and outlines future research directions.

2.  Related work

The literature on tabular data into synthetic image methods is diverse, 
but the methods can be critically analyzed along two primary axes: the 
transformation strategy (parametric vs. non-parametric) and the point 
of integration (preprocessing vs. integrated) [7,25].

2.1.  Integrated (End-to-end) approaches

Unlike preprocessing-based methods, integrated approaches learn the 
transformation from tabular data to synthetic images jointly with 
the downstream task model. For example, HacNet [11] employs an 
attention-based generator to create image-like templates, which are co-
optimized with the classifier. Tab2Vox [26] goes further, formulating 
the entire pipeline (including the transformation and CNN architecture) 
as a differentiable architecture search problem (DARTS) [27].

The theoretical promise of these methods is their ability to gener-
ate highly optimized, task-specific representations. However, this end-
to-end optimization presents significant trade-offs that make them less 
suitable for a comparative benchmark: (1) they introduce significant 
computational complexity; (2) their modularity is reduced, as the trans-
formation is not a reusable artifact separable from the model; and (3) 
the resulting black box layout is difficult to interpret and validate. For 
these reasons, our study focuses on the more modular, reproducible, and 
interpretable preprocessing-based approaches.

2.2.  Preprocessing-based non-parametric methods

A second family of preprocessing methods consists of non-parametric 
techniques, which are often classified as "Image Marker" methods [25]. 

These methods use simple rule-based heuristics to map feature values 
directly onto an image grid without an underlying optimization. This 
category includes straightforward visualizations such as equidistant bar 
graphs (BarGraph) or Normalized Distance Matrix (DM) [28], as well 
as more abstract encodings. For instance, Super Tabular data Machine 
Learning (SuperTML) [29] renders feature values directly as text onto 
synthetic images, relying on the CNN to act as a character-level fea-
ture extractor. Other approaches like Vector-of-Feature Wrapping (Fea-
tureWrap) [30] or Binary Image Encoding (BIE) [31,32] convert nu-
merical values into their binary bit-patterns and arrange these bits into 
a synthetic image.

The clear advantage of this family is computational efficiency and 
simplicity. The methods are fast, deterministic, and easy to implement. 
However, they suffer from a critical conceptual limitation: the spatial 
layout is typically arbitrary (e.g., based on the original feature index) 
and is not designed to encode meaningful relationships between fea-
tures. This limits the primary advantage of using vision models, which is 
their inherent ability to exploit spatial locality. Moreover, many of these 
methods scale poorly with feature dimensionality; a BarGraph, DM and 
Combination for high-dimensionality datasets becomes uninformative, 
and SuperTML suffers from unreadable, overlapping text.

2.3.  Preprocessing-based parametric methods

A significant family of methods computes the image layout as a 
fixed, data-driven preprocessing step. These methods are typically para-
metric as they rely on optimization algorithms to determine the spa-
tial coordinates of each feature. Influential early work includes DeepIn-
sight [13,33], which employs t-SNE or PCA to project high-dimensional 
features into a 2D space, and then rasterizes these positions onto syn-
thetic images. REpresentation of Features as Images with NEighborhood 
Dependencies (REFINED) [14] builds on this by using Bayesian Metric 
Multidimensional Scaling (MDS) to create a layout that explicitly pre-
serves the neighborhood dependencies between features. Similarly, Im-
age Generator for Tabular Data (IGTD) [15] and its variants [3,18] opti-
mize a feature-to-pixel mapping by minimizing the difference between 
feature similarity (in the original space) and pixel distance (on the 2D 
grid). Tabular data INTO synthetic image (TINTO) [17,34] also uses 
dimensionality reduction (PCA/t-SNE) but adds a controllable blurring 
technique, which helps to enlarge feature footprints and create smoother 
representations that are more amenable to convolutional filters.

The primary advantage of these parametric methods is their theoret-
ical rigor; they generate spatially meaningful images where proximity is 
correlated with feature similarity. This makes them highly interpretable 
and well-suited for vision backbones. However, their reliance on com-
plex optimizations such as t-SNE or MDS makes them computationally 
intensive, creating a significant scalability challenge that substantially 
increases the transformation time for datasets with thousands of fea-
tures. Furthermore, the final layout can be sensitive to the hyperparam-
eters of the reduction algorithm itself.

2.4.  Benchmark rationale and method selection

Based on this critical analysis, our benchmark is designed to provide 
a clear and rigorous evaluation of the most reproducible and modu-
lar methods. Therefore, our study focuses on the Preprocessing-Based 
methods, as their modular nature permits a direct and standardized 
comparison of the spatial encoding artifacts themselves. We have se-
lected nine representative techniques (formally defined in Section 3) 
drawn from the literature to span the two dominant competing families 
of this approach. This selection is deliberate: (1) the Parametric methods 
(TINTO, REFINED, IGTD) are included to test the central hypothesis that 
spatially meaningful, optimized layouts provide a tangible performance 
benefit; (2) the Non-Parametric methods (BarGraph, DM, Combination, 
SuperTML, FeatureWrap, BIE) are included to serve as computationally 
efficient, rule-based baselines. By systematically evaluating these two 
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Fig. 1. Visual representations of synthetic image methods applied to the Dengue dataset (Binary classification task).

Fig. 2. Visual representations of synthetic image methods applied to the GAS dataset (Multiclass classification task).

Fig. 3. Visual representations of synthetic image methods applied to the ISOLET dataset (Multiclass classification task).

distinct families against each other and against strong classical models, 
our benchmark provides a robust framework to rigorously address our 
research questions and map the practical trade-offs of these techniques.

3.  A unified formalization of spatial encoding methods

Building on the landscape of approaches justified in Section 2, we now 
provide a formal description of the selected preprocessing-based meth-
ods. A key methodological contribution of this section is the introduc-
tion of a unified mathematical formalization for these techniques. In 
the literature, many transformation methods either lack a formal defini-
tion or are described with disparate notation, making a direct compar-
ison difficult. Our unified framework, implemented in the open-source
TINTOlib library [35,36], addresses this by ensuring that all methods 
are described in a consistent, shared formalism to clarify their core me-
chanics.

As justified in Section 2, our benchmark focuses on the two domi-
nant families of preprocessing-based approaches. We selected nine rep-
resentative methods: TINTO [17,34], IGTD [15] and REFINED [14] 

from the Parametric family; and BarGraph, DM, Combination [28], Fea-
tureWrap [30], SuperTML [29], and BIE [32] from the Non-Parametric 
family.

Notation. Let 𝑋 ∈ ℝ𝑁×𝑑 denote the dataset with 𝑁 instances and 𝑑 fea-
tures. The 𝑖th row is 𝑥𝑖 ∈ ℝ𝑑 and 𝑥𝑖,𝑗 denotes its 𝑗th entry. Images are 
represented as matrices 𝑀𝑖 ∈ [0, 255]ℎ×𝑤×𝑐 ; when a single side is given, 
we use 𝑤 = ℎ = pixels.

3.1.  Non-parametric methods

Six non-parametric methods are provided: BarGraph, DM, Combina-
tion [28], SuperTML [29], FeatureWrap [30], and BIE [31,32]. These 
methods do not perform spatial optimization; instead, they translate fea-
tures directly into visual representations.

3.1.1.  Equidistant bar graphs (BarGraph)
Equidistant bar graphs represent each instance as a vertical bar chart 
in which every feature is assigned a fixed column and the height of the 
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bar is proportional to its normalized value 𝑥′𝑖,𝑗 . If 𝑝𝑖𝑥𝑒𝑙_𝑤𝑖𝑑𝑡ℎ and 𝑔𝑎𝑝
denote the width of the column and the inter-column gap in pixels, the 
width of the image 𝑤 is

𝑤 = 𝑑 ⋅ pixel_width + (𝑑 + 1) ⋅ gap, (1)

and the maximum drawable bar height (assuming a margin) equals

bar_heightmax = ℎ − 2 ⋅ pixel_width. (2)

For instance 𝑖 and feature 𝑗 the height of the drawn bar is simply

bar_height𝑖,𝑗 = bar_heightmax ⋅ 𝑥
′
𝑖,𝑗 . (3)

This yields a one-channel image 𝑀𝑖 (see Figs. 1a and  2a).

3.1.2.  Normalized distance matrix (DM)
DM encodes every pairwise difference of normalized features (𝑥′𝑖,𝑗) of 
the same instance into a square image of size 𝑑 × 𝑑. For an instance 𝑖
the matrix entries are given by

𝑀𝑖[𝑗, 𝑘] = |𝑥′𝑖,𝑗 − 𝑥′𝑖,𝑘|, (4)

optionally scaled to a display range [0, 255] when rendered (see Fig. 1b 
and  2b).

3.1.3.  Combination of options (Combination)
The Combination method stacks three complementary encodings into a 
three-channel image. The first channel (𝑐 = 1) uses the DM representa-
tion, the second channel (𝑐 = 2) uses the BarGraph rendering, and the 
third (𝑐 = 3) contains a row-wise replication of the normalized feature 
vector 𝑥′𝑖 . The final image is

𝑀𝑖 = stack(𝑀1
𝑖 , 𝑀

2
𝑖 , 𝑀

3
𝑖 ), (5)

where 𝑀1
𝑖 , 𝑀2

𝑖 , and 𝑀3
𝑖  correspond to these three components, respec-

tively (see Figs. 1c and  2c).

3.1.4.  Super tabular data machine learning (SuperTML)
SuperTML treats feature values as textual tokens placed on a square syn-
thetic image. It has two variants. In the equal-font variant (SuperTML-
EF), features are arranged in a regular grid with

𝑛cols =
⌈
√

𝑑
⌉

, 𝑛rows =
⌈

𝑑
𝑛cols

⌉

, (6)

and each token occupies a cell of size cell_w = 𝑤∕𝑛cols by cell_h = ℎ∕𝑛rows. 
In the variable-font variant (SuperTML-VF), the size of the feature 𝑗
is scaled by an importance score imp𝑗 (for example, a Random Forest 
importance) so that

font_size𝑗 = font_size ⋅
imp𝑗

max𝑘 imp𝑘
. (7)

Text rendering produces a single-channel image depending on the cho-
sen settings (see Figs. 1d and  2d).

3.1.5.  Binary image encoding (BIE)
BIE [31,32] writes the IEEE-754 floating point bit pattern of each nu-
merical feature such that each feature’s bit pattern forms a column in 
the resulting image. Using precision 𝑝 ∈ {32, 64}, the per-instance ma-
trix 𝑀𝑖 has 𝑝 rows and 𝑑 columns, and each bit is mapped to black or 
white by

𝑣𝑘 =

{

0 𝑏𝑘 = 0,
255 𝑏𝑘 = 1,

(8)

where 𝑏𝑘 denotes the 𝑘th bit of the chosen floating-point representation 
(see Figs. 1e and  2e).

3.1.6.  Vector-of-feature wrapping (FeatureWrap)
FeatureWrap converts features into a binary vector by applying one-
hot encoding to categorical features and discretizing numerical features 
into bins groups before one-hot encoding. If 𝑐𝑗 denotes the number of 
categories of the feature 𝑗 (or bins for a discretized numerical feature), 
the total binary length is

𝐿 =
𝑑
∑

𝑗=1

{

𝑐𝑗 if feature 𝑗 is categorical,
bins otherwise.

(9)

The bit vector is padded to the required length values_needed = ℎ ×𝑤 × 8, 
grouped into bytes, and each byte is converted to an integer value by

𝑣 =
7
∑

𝑏=0
𝑏𝑏 27−𝑏, 𝑏𝑏 ∈ {0, 1}. (10)

These integers populate the image grid, producing a one-channel image 
𝑀𝑖 (see Figs. 1f,  2f, and  3a).

3.2.  Parametric methods

Parametric transformation methods, i.e., TINTO [17,34], IGTD [15] and 
REFINED [14], optimize the spatial arrangement (or layout) of tabular 
data features using mathematical techniques (like dimensionality reduc-
tion or distance error minimization) to ensure that highly similar fea-
tures are positioned in adjacent pixels, thus preserving neighborhood 
dependencies in the resultant 2D synthetic image representation.

3.2.1.  Tabular data INTO synthetic images (TINTO)
TINTO [17,34] transforms tabular data into synthetic images by map-
ping each feature to a structured two-dimensional space. The process 
can be summarized in four steps: (1) Dimensionality reduction – project 
features to a 2D embedding; (2) Area delimitation – define and center 
a square region that contains all embedded points and scale it to the 
desired pixel resolution; (3) Coordinate calculation – map continuous 
coordinates to discrete pixel indices on the image grid; and (4) Blurring 
application – render each feature as a localized impulse and apply a 
radial halo to create spatial continuity and overlap smoothing.

For clarity, we keep the compact projection and mapping formulas: 
using PCA, the embedding is computed on the features (columns of 𝑋),
𝑋emb = (𝑋𝑇 − 𝜇)𝑊 , 𝑊 = [𝑣1, 𝑣2], (11)

where 𝑋emb is the 𝑑 × 2 matrix of the coordinates of the embedded fea-
tures. The coordinates are then centered (using their mean 𝜇emb) and 
scaled to the pixel grid as

coord =
𝑋emb − 𝜇emb

𝑅
⋅ (pixels − 1), 𝑅 = max

𝑗
‖𝑋emb,𝑗 − 𝜇emb‖2. (12)

Each mapped feature is rendered with a radial intensity profile; a con-
venient compact form for the halo is

𝐼(𝑟) = min
(

𝜅
𝜋𝑟2

, 1
)

, (13)

for a scaling constant 𝜅, and when multiple halos overlap their contribu-
tions are combined by a pointwise operator (e.g., maximum or mean). 
These steps produce a smooth spatial image 𝑀𝑖 per instance that pre-
serves feature proximities from the embedding stage (see Figs. 1g,  2g 
and  3b).

3.2.2.  Image generator for tabular data (IGTD)
IGTD [15] casts layout construction as an optimization over permuta-
tions: the goal is to order features on a grid so that similar features are 
placed close to each other. Practically the method follows three steps: (1) 
compute a feature similarity matrix 𝑆 using a chosen metric (e.g. Pear-
son, Spearman, or Euclidean on 𝑋𝑇 ); (2) build a candidate grid and com-
pute its pairwise pixel distance matrix 𝐷 (with entries 𝐷𝑖𝑗 = ‖𝑝𝑖 − 𝑝𝑗‖𝑞 , 
𝑞 ∈ {1, 2}); and (3) search for a feature-to-pixel permutation 𝜋 that min-
imizes a discrepancy via greedy pairwise swaps until convergence.
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Table 1 
Algorithmic complexities for parametric and non-
parametric methods implemented in TINTOlib and 
Deep Neural Network Models. 𝑑 is the number of 
features and 𝑝𝑖𝑥𝑒𝑙𝑠 denotes the dimensions (height 
and width) of the synthetic images.
 Type  Method  Complexity

Non-Parametric

 BarGraph (𝑁 × 𝑑)
 Combination (𝑁 × 𝑑2)
 DM (𝑁 × 𝑑2)
 SuperTML_EF (𝑁 × 𝑑)
 SuperTML_VF (𝑁 × 𝑑2)
 BIE (𝑁 × 𝑑)
 FeatureWrap (𝑁 × 𝑑)

Parametric

 TINTO (PCA) (𝑁 × 𝑑2 + 𝑑3)
 TINTO (t-SNE) (𝑁 × 𝑑2)
 IGTD (𝑁 × 𝑑2)
 REFINED (𝑁 × 𝑑2 + 𝑑3)

Model

 MLP (𝑑)
 CNN (pixels2)
 ViT (pixels2)
 MLP+CNN (𝑑 + pixels2)
 MLP+ViT (𝑑 + pixels2)

Formally, if 𝑆𝑖𝑗 = sim(𝑋∶,𝑖, 𝑋∶,𝑗 ) (similarity between the feature 𝑖 and 
𝑗), the method seeks
min
𝜋∈

∑

𝑖,𝑗
|𝑆𝑖𝑗 −𝐷𝜋

𝑖𝑗 |
𝑝, 𝑝 ∈ {1, 2}, (14)

where 𝐷𝜋 denotes 𝐷 after permuting the feature indices by 𝜋. The opti-
mization is performed by iterative swaps that decrease the objective; the 
resulting permutation defines the final mapping from features to pixel 
coordinates used to construct 𝑀𝑖 (see Figs. 1h,  2h and  3c).

3.2.3.  REpresentation of features as images with NEighborhood 
dependencies (REFINED)
REFINED [14] constructs layouts by first embedding the features us-
ing Multidimensional Scaling (MDS or Bayesian MDS) and then refining 
a discrete placement with a hill-climbing optimizer. The procedure is 
commonly described in four stages: (1) compute the feature distance 
matrix 𝐷𝑓  (typically Euclidean distances between feature vectors, 𝑋∶,𝑖
and 𝑋∶,𝑗); (2) apply MDS/BMDS to obtain a continuous 2D embedding; 
(3) snap each embedded point to the nearest unoccupied pixel in a pre-
defined grid to obtain an initial discrete assignment; and (4) iteratively 
refine the assignment by local swaps (hill climbing) to better preserve 
original distances.

In compact form, the feature distance matrix is
𝐷𝑓,𝑖𝑗 = ‖𝑋∶,𝑖 −𝑋∶,𝑗‖2, (15)

the MDS coordinates (𝑚𝑑𝑠) are rank-normalized (used to break ties and 
place points) by

mds_norm𝑗 =
rank(mds𝑗 )

𝑑 − 1
, (16)

and the refinement aims to find a permutation 𝜋 minimizing the place-
ment discrepancy
min
𝜋

‖𝐷𝑓 −𝐷𝜋
‖𝐹 . (17)

The final permutation 𝜋 defines the pixel positions for all features, 
ensuring that the correlated ones occupy the nearest pixels. Each in-
stance 𝑖 is then rendered as an image 𝑀𝑖 (see Figs. 1i, 2i, and 3d).

3.3.  Algorithmic complexity

Each of the implemented methods performs a different sequence of oper-
ations. Table 1 summarizes the temporal complexities in Big  notation 
for each of the algorithms implemented.

Among non-parametric methods, a clear distinction emerges. Bar-
Graph, FeatureWrap, and SuperTML_EF are the most efficient, scal-
ing linearly with the number of features ((𝑁 × 𝑑)) due to their sim-
ple linear scan transformations. In contrast, Combination, DM, and Su-
perTML_VF scale quadratically with features ((𝑁 × 𝑑2)), a higher cost 
arising from operations dependent on feature pairs, such as computing 
the complete pairwise distance matrix or preliminary importance of the 
feature.

Parametric methods introduce a significant computational trade-off. 
Although some methods such as IGTD and TINTO (t-SNE) scale quadrat-
ically with features ((𝑁 × 𝑑2)), the most robust embedding methods 
(REFINED and TINTO (PCA)) introduce a cubic bottleneck ((𝑑3)). This 
cost, stemming from MDS optimization or eigendecomposition, makes 
their application computationally expensive for datasets with high di-
mensionality.

Finally, the DNN architectures also present a clear scaling distinc-
tion. MLPs scale linearly with the number of original features ((𝑑)), 
while vision backbones (CNNs and ViTs) scale quadratically with image 
resolution ((pixels2)). Hybrid models (e.g. MLP+CNN) simply combine 
these two costs additively ((𝑑 + pixels2)).

This analysis highlights a fundamental trade-off: methods that cre-
ate more robust spatial embeddings (e.g., REFINED) are often the most 
computationally expensive, particularly as feature dimensionality (𝑑) 
increases. The practical implications of these complexities on measured 
image generation times are further explored in our qualitative analysis 
in Section 6.1. Next, we describe the benchmark setup used to system-
atically evaluate these transformation techniques across datasets and 
model architectures.

4.  Experimental design and methodology

The section outlines principal tools, datasets, metrics, and guidelines 
used in the study.

4.1.  Tools and computational environment

We conducted all model training and testing on the computing re-
sources of the IPTC-AI. Innovation Space AI Supercomputing Cluster 
provided by the Universidad Politécnica de Madrid. The main fea-
tures are 2 × Intel® Xeon® Gold 6240R (24 cores@2.4GHz), 192 GiB 
RAM and one NVIDIA A100 GPU. The implementation is carried out in 
Python. We used PyTorch and Scikit-Learn libraries. Additionally, we 
used the TINTOlib library to transform tabular data into synthetic im-
ages [35,36].

4.2.  Benchmark datasets

The benchmark covers both regression and classification tasks, in-
cluding binary and multiclass problems1. These datasets span a wide 
range of sizes (from 506 to 581,012 instances), dimensionalities (8 to 
1600 features) and feature types (purely numerical to mixed). This di-
versity allows evaluating how tabular structures and distributions affect 
image-based representations, as well as the scalability of transformation 
methods and models.

In addition to literature datasets, we include standardized OpenML 
benchmark suites, CC-18 [20] for classification and CTR23 [21] for re-
gression, to ensure broad and reproducible coverage. Following a uni-
fied protocol, all datasets are stratified by size and feature composition 
using tertiles of log10(𝑁) (computed jointly across both suites) to define 
small, medium, and large bins, and a categorical-feature fraction thresh-
old (≥ 0.6) to distinguish high-numerical and high-categorical regimes. 

1 Binary: QSAR, Bioresponse, HELOC, Nomao, Credit, Sick, Dengue, Adult.
Multiclass: CNAE-9, GAS, ISOLET, CMC, DNA, Covertype, Connect. Regres-
sion: Music, Boston, Puma, California, Conductivity, MIMO, Student, Health.

Information Fusion 130 (2026) 104088 

5 

https://www.openml.org/search?type=data&status=active&id=1494
https://www.openml.org/search?type=data&status=active&id=4134
https://huggingface.co/datasets/vitaliykinakh/heloc
https://www.openml.org/search?type=data&status=active&id=1486
https://www.openml.org/search?type=data&status=active&id=29
https://www.openml.org/search?type=data&status=active&id=38
https://doi.org/10.17632/bv26kznkjs.1
https://www.openml.org/search?type=data&status=active&id=1590
https://www.openml.org/search?type=data&status=active&id=1468
https://www.openml.org/search?type=data&status=active&id=1476
https://www.openml.org/search?type=data&status=active&id=300
https://www.openml.org/search?type=data&status=active&id=23
https://www.openml.org/search?type=data&status=active&id=40670
https://doi.org/10.24432/C50K5N
https://www.openml.org/search?type=data&status=active&id=40668
https://www.openml.org/search?type=data&status=active&id=44965
https://www.kaggle.com/datasets/arunjathari/bostonhousepricedata
https://www.openml.org/search?type=data&status=active&id=44981
https://www.kaggle.com/datasets/camnugent/california-housing-prices
https://www.openml.org/search?type=data&status=active&id=44964
https://dx.doi.org/10.21227/nr6k-8r78
https://www.openml.org/search?type=data&status=active&id=44967
https://www.openml.org/search?type=data&status=active&id=44993


J. Liu et al.

Table 2 
Datasets used in the benchmark, grouped by task type and characterized by size, feature composition, and dimensionality. “Num.-
dom.”and “Cat.-dom.” denote numerical- and categorical-dominant datasets, respectively.
 Task  Dataset  #Samples  #Features  #Num.  #Cat.  Classes  Size Bin  Feature Comp.  Dimensionality

Binary

 QSAR  1055  41  41  0  2  Small  Num.-dom.  Medium
 Bioresponse  3751  1776  1776  0  2  Medium  Num.-dom.  High
 HELOC  9871  23  23  0  2  Medium  Num.-dom.  Low
 Nomao  34,465  118  89  29  2  Large  Num.-dom.  Medium
 Credit  690  15  6  9  2  Small  Cat.-dom.  Low
 Sick  3772  29  7  22  2  Medium  Cat.-dom.  Low
 Dengue  11,448  26  2  24  2  Medium  Cat.-dom.  Low
 Adult  48,842  14  6  8  2  Large  Cat.-dom.  Low

Multiclass

 CNAE-9  1080  856  856  0  9  Small  Num.-dom.  High
 GAS  13,910  128  128  0  6  Medium  Num.-dom.  Medium
 ISOLET  7797  617  617  0  26  Medium  Num.-dom.  High
 CMC  1473  9  2  7  3  Small  Cat.-dom.  Low
 DNA  3186  180  0  180  3  Medium  Cat.-dom.  Medium
 Covertype  581,012  54  10  44  7  Large  Cat.-dom.  Medium
 Connect  67,557  42  0  42  3  Large  Cat.-dom.  Medium

Regression

 Music  1059  116  116  0  —  Small  Num.-dom.  Medium
 Boston  506  13  11  2  —  Small  Num.-dom.  Low
 Puma  8192  32  32  0  —  Medium  Num.-dom.  Medium
 California  20,640  8  8  0  —  Large  Num.-dom.  Low
 Conductivity  21,263  81  81  0  —  Large  Num.-dom.  Medium
 MIMO  252,004  1600  1600  0  —  Large  Num.-dom.  High
 Student  649  31  13  17  —  Small  Cat.-dom.  Medium
 Health  22,272  11  4  7  —  Large  Cat.-dom.  Low

This design enables systematic comparisons of tabular data into syn-
thetic images methods and vision-based architectures under controlled 
capacity and training protocols. A complete summary of the data set, 
including task type, sample size, and feature composition, is reported in 
Table 2.

No additional preprocessing was applied to the data consumed by 
the transformation methods, except for the HELOC dataset, where rows 
containing only −9 values (treated as NaN) were removed. This prepro-
cessing strategy enables a fair comparison of the inherent capabilities of 
each transformation method without introducing external biases.

4.3.  Experimental setup

Models and architectures. Our benchmark compares three model fami-
lies: classical gradient-boosting models (XGBoost, CatBoost, LightGBM); 
deep neural networks (a standard MLP, a ResNet-style CNN, and a Vision 
Transformer); and hybrid architectures (CNN+MLP and ViT+MLP). 
The hybrid models process the generated image with a vision backbone 
and the raw tabular data with a parallel MLP branch, fusing the repre-
sentations via concatenation (see Fig. 4).

Data partitioning and preprocessing. To ensure a consistent and repro-
ducible evaluation, we employed a standardized preprocessing pipeline. 
Each data set was split into training sets (75%), validation (15%), and 
test (15%) using a fixed random seed; for all classification tasks, this split 
was stratified to preserve class distribution. Prior to encoding, missing 
values were handled: numerical features were imputed with the mean 
(or median for skewed distributions), while missing categorical values 
were treated as a distinct __null__ category. Subsequently, all cate-
gorical features were converted to a numerical format using one-hot 
encoding, and all numerical features were scaled to a range [0, 1] using 
min-max. To ensure compatibility with all vision architectures, partic-
ularly the fixed patch grid of ViT, images were processed to a uniform 
target dimension when the image size was not divisible and too large, 
thus reducing the number of tokens and maintaining computational ef-
ficiency. This was achieved by padding smaller images on the right and 
bottom with a constant value (the mean color of the training set), en-
suring that the image dimensions were divisible by the ViT patch size 
without distorting the original content.

Training and hyperparameter optimization. We employed a unified, 
multi-stage hyperparameter optimization protocol for all models us-
ing Optuna. First, an initial search of 100 trials was conducted, with 
each trial trained for 50 epochs. To manage computational cost on large 
datasets (𝑁 > 20𝑘), this search phase was performed on a 25% random 
subset of the training data. Following this, the top five configurations 
from the initial search were retrained for a full 100 epochs on the com-
plete training set. The single best-performing configuration was selected 
based on task-specific validation metrics: Root Mean Squared Error 
(RMSE) for regression, ROC-AUC for binary classification, and Accuracy 
for multiclass classification. The search space covered core hyperparam-
eters including learning rate, weight decay, learning rate schedule pa-
rameters (div_factor, final_div_factor, and pct_start), dropout, 
number of layers and hidden dimensions.

For the ViT models, we optimized the embedding dimension, depth, 
number of attention heads, and MLP expansion ratio to balance rep-
resentational capacity with computational cost. CNNs were tuned over 
stem type, number of stages, block configuration, and base width. To en-
sure fair comparison, their total number of parameters was constrained 
to remain within 25% of the ViT counterpart, i.e., CNN trials exceed-
ing this threshold were automatically pruned. In the hybrid models 
(ViT+MLP and CNN+MLP), we fixed the best-performing vision back-
bone from the standalone configuration and tuned only the fusion mod-
ule, consisting of hidden dimensions and dropout. This setup ensures 
that all architectures are compared under equivalent training budgets 
and model capacities, isolating the effect of architectural design. All 
deep models used the AdamW optimizer with a OneCycle learning rate 
schedule. Batch size was adapted to dataset size: 16 for 𝑁 ≤ 1𝑘, 32 for 
1𝑘 < 𝑁 ≤ 5𝑘, 64 for 5𝑘 < 𝑁 ≤ 20𝑘, and 256 for 𝑁 > 20𝑘.

Evaluation protocol. The final selected model for each combination was 
retrained and evaluated five times with different random seeds on the 
held-out test set. All results are reported as the mean and standard devi-
ation. For clarity in our main analysis, we report normalized RMSE for 
regression and accuracy for classification. A comprehensive and inter-
active breakdown of results for all performance and efficiency metrics 
across all experiments is publicly available on our project website2.

2 https://oeg-upm.github.io/TINTOlib/
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Fig. 4. A simplified illustration of the HyNN architecture. This figure shows that either CNN or ViT can be used as the vision component, while the MLP component 
processes tabular data directly. It also highlights the flexibility of the model, which allows for using only the vision or MLP part, illustrating the different architectures 
evaluated in this study.

5.  Benchmark evaluation

This section presents a systematic evaluation of different machine learn-
ing approaches and transformation techniques for tabular data into 
synthetic images. We analyze the performance of classical models and 
DNNs, i.e., CNNs, ViTs, CNN+MLP and ViT+MLP, across multiple 
datasets. The experiments compare the effectiveness of these models 
in regression and classification tasks, highlighting the impact of various 
transformation methods. In addition, a statistical analysis is conducted 
to determine the significance of the performance differences between 
models and methods. This benchmark provides a comprehensive assess-
ment of the advantages and limitations of each approach, offering in-
sights into their applicability for tabular data analysis.

5.1.  Global performance: Classical vs. neural pipelines

To address RQ1 (see Section 1), we first conduct a head-to-head compar-
ison of the best-performing classical model against the best-performing 
neural pipeline (i.e., the best combination of a spatial encoding method 
and a DNN architecture). Fig. 5 synthesizes this comparison across all 
regression, binary, and multiclass tasks.

The results in Fig. 5 reveal a clear and consistent pattern that is 
not governed by the type of task (e.g., regression vs. classification) but 
rather by the data regime, defined by the interplay of sample size (𝑁) 
and feature dimensionality (𝑑).

Neural/Image-based pipelines demonstrate a distinct advantage in 
two specific regimes:

• Data-Scarce Regimes (𝑁 ≲ 5𝑘): Neural models win consistently when 
samples are limited, regardless of task. This is evident in regression 
(e.g., Boston, Student), binary classification (Credit, QSAR), and mul-
ticlass classification (CMC).

• Extreme-Dimensionality Regimes (𝑑 ≳ 1𝑘): Neural models dominate 
in high-dimensional settings, even when sample sizes are large. This 
is seen in regression (MIMO-X and MIMO-Y) and multiclass classifi-
cation (ISOLET).

Classical models (predominantly GBDTs) are the dominant choice in 
data-rich (medium-to-large 𝑁) regimes where feature counts are low-to-
moderate. This pattern holds true across regression (e.g., Health, Califor-
nia), binary classification (e.g., Sick, Nomao, Adult), and multiclass clas-
sification (e.g., DNA). Interestingly, classical models also demonstrate 
strong performance in some cases that fall outside this optimal zone, 

Fig. 5. Comparison between the best classical and neural models across (a) 
regression, (b) binary, and (c) multiclass datasets. Bars show mean performance 
across seeds with error bars for variability. Dataset labels denote samples (S) 
and features (F).
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Fig. 6. Performance map across all problem types. Each point is a dataset plotted by number of features (x-axis, log scale) and number of instances (y-axis, log scale). 
Shape encodes problem type (circles = regression; squares = classification), color indicates whether a classical or a neural model achieved the best score, and an 
’X’ overlay marks datasets with a high proportion of categorical features. The plot highlights where classical vs. neural families tend to excel under different dataset 
regimes.

such as the high-dimensional Bioresponse dataset and the data-scarce, 
high-dimensional CNAE-9 dataset, highlighting their robustness.

This primary finding, that neural/image methods excel in low-𝑁 or 
high-𝑑 scenarios while classical models are superior for high-𝑁 , low-𝑑
data, is the key answer to RQ1. Among the neural winners, the paramet-
ric method REFINED is the most frequent and reliable transformation, 
with other methods appearing in specific contexts.

5.2.  Performance map and data regimes

To synthesize the results for all tasks and provide a unified view of these 
regime effects, we introduce the performance map in Fig. 6. The fig-
ure places each data set in the (log10 𝑑, log10 𝑁) plane, abstracting archi-
tectural details to highlight how the sample size, dimensionality, and 
feature composition relate to which family, classical tabular vs. neural 
image, based-achieves the best mean test score.

The map reveals three primary insights. First, it confirms there is 
no single overall winner; across all 24 benchmarks, classical and neural 
methods are in a statistical dead heat, with each family winning on ex-
actly 12 datasets (50.0%). This reinforces that performance is driven by 
the characteristics of the dataset, not the type of task.

Second, the map visually synthesizes the data regime patterns identi-
fied in Section 5.2. Neural/image-based pipelines consistently dominate 
in the small-sample (𝑁 ≲ 5𝑘) and they also show a distinct advantage 
in specific high-dimensional cases, such as the extreme-dimensionality 
MIMO dataset and the high-dimensional ISOLET dataset. Conversely, 
classical models are the superior choice in the dense cluster of medium-
to-large-𝑁 problems with low-to-moderate feature counts.

Third, the map allows for an analysis of the composition of features. 
Datasets with a high proportion of categorical features (marked with an 
’X’) are distributed across various regimes and show no clear preference 
for one model family. This suggests that the presence of many categori-
cal features is a secondary factor, and the primary driver of performance 
remains the interplay between sample size and dimensionality.

This unified map demonstrates that the performance landscape is a 
spectrum rather than a dichotomy. Classical and neural models excel in 
complementary regions of the (𝑁, 𝑑) space, and the boundary between 
them is modulated by the choice of transformation method and archi-
tectural enhancements such as hybrid designs. This integrated view sets 
the stage for the next section, where we test whether these observed 
patterns hold under formal significance analysis.

5.3.  Analysis of architectures and transformation methods

Having established the performance regimes relative to classical models, 
we now analyze the performance within the neural pipelines to address
RQ3 (impact of architectures) and RQ4 (robustness of transformation 
methods). Fig. 7 presents the best-performing transformation method for 
each of the five neural architecture families (Classical, ViT, ViT+MLP, 
CNN, CNN+MLP) across all datasets.

Architectural effects (RQ3). A clear and consistent pattern emerges re-
garding hybrid architectures: hybrid models (ViT+MLP, CNN+MLP) 
consistently reduce predictive variance. This effect is visually evident 
in Fig. 7, where the error bars for hybrid models (e.g., grey and blue 
bars) are often narrower than their vision-only counterparts (orange and 
red bars). This variance reduction is most pronounced in small-sample 
datasets, e.g., Student, Boston, and QSAR. While vision-only models of-
ten achieve comparable or slightly better mean performance (especially 
in binary and multiclass tasks), the stabilization provided by the parallel 
MLP branch confirms that hybrid models are a more stable and reliable 
choice, particularly when data is scarce.

Transformation method performance (RQ4). Regarding the transforma-
tion methods themselves, the optimal choice is highly dependent on the 
data regime, but clear patterns emerge:

• Parametric Dominance in High-Dimensions: The parametric method 
REFINED is unambiguously the most robust transformation, appear-
ing most frequently as the top performer across all tasks. Its domi-
nance is particularly evident in high-dimensional (𝑑 ≳ 1𝑘) regimes, 
e.g., MIMO-X/Y (Regression), Bioresponse (Binary), and ISOLET 
(Multiclass). In these complex scenarios, other parametric methods 
like IGTD and TINTO also perform strongly, confirming that methods 
capable of optimizing spatial layout are critical for high-dimensional 
data.

• Non-Parametric Competitiveness: In low-to-moderate dimensional-
ity datasets, non-parametric methods are highly competitive. DM 
and Combination appear regularly among the best candidates (e.g., 
Health, Boston, CMC). Other methods like BIE and SuperTML also ap-
pear as winners in large-sample classification tasks (Nomao, Adult), 
demonstrating their value as computationally efficient baselines.
In summary, while hybrid models offer a consistent reduction in vari-

ance (answering RQ3), the choice of transformation method is a dom-
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Fig. 7. Best score per model family across (a) regression, (b) binary, and (c) 
multiclass datasets. The 𝑦-axes show normalized RMSE or test accuracy. Bars 
denote mean scores across seeds with error bars for variability. Text labels iden-
tify the image transformation yielding each family’s best result. Dataset labels 
indicate samples (S) and features (F).

inant factor, with a clear trade-off: parametric methods like REFINED 
are the most robust default choice and excel in high-dimensional data, 
while efficient non-parametric methods like DM are highly competitive 
in simpler, low-dimensional regimes (answering RQ4).

5.4.  Statistical analysis of component performance

The preceding analysis provided an empirical overview of model perfor-
mance based on mean scores. To formally validate these observations, 
this section introduces a statistical test to determine whether the choice 
of vision architecture leads to significant performance differences within 
each transformation method.

As shown in Table 3, the Skillings-Mack test results reveal two dis-
tinct patterns. For a majority of transformation methods, including Fea-
tureWrap, TINTO, and IGTD, the performance differences between ar-
chitectures are statistically significant (𝑝 < .05). Within this group, a 
clear trend emerges where hybrid models (ViT+MLP or CNN+MLP) 
consistently achieve the best average rank, demonstrating a statistically 

Table 3 
Architecture performance by transformation method using Skillings–Mack test. 
Ranks are computed within each dataset (1=best); averages reported across 
datasets. Lower average rank indicates better performance. Bold indicates the 
best architecture per method.
 Method  ViT  ViT+MLP  CNN  CNN+MLP 𝑇 𝑝  n  Sig.
 FeatureWrap  3.23  1.23  3.20  2.34  47.00  0.0000  22  ***
 TINTO  3.17  1.75  3.00  2.08  27.47  0.0000  24  ***
 IGTD  2.67  1.75  2.81  2.77  14.62  0.0022  24  **
 BIE  2.19  2.03  3.25  2.53  12.67  0.0054  18  **
 DM  3.08  2.50  2.61  1.81  12.02  0.0073  18  **
 SuperTML  2.94  2.24  2.94  1.88  11.44  0.0096  17  **
 Combination  2.81  2.06  2.28  2.86  6.78  0.0793  18  ns
 REFINED  2.48  2.08  2.79  2.65  5.38  0.1458  24  ns
 BarGraph  2.25  2.31  2.75  2.69  2.89  0.4091  18  ns

validated performance advantage. Conversely, for the REFINED, Com-
bination, and BarGraph methods, the test yields non-significant results. 
This indicates that for these specific transformations, there is no statis-
tical evidence to prefer one vision architecture over another, suggesting 
a high degree of architectural robustness.

These statistical findings provide a formal basis for earlier observa-
tional claims. The consistent superiority of hybrid models in the sig-
nificant group strongly corroborates the previous finding that hybrids 
“reliably lower variance” and offer greater stability. The test now con-
firms that they are often the statistically optimal choice in terms of av-
erage performance, not merely a more stable alternative. Furthermore, 
the architectural interchangeability for REFINED and Combination, pre-
viously identified as the most reliable parametric and practical non-
parametric options, respectively, reinforces their value. Their effective-
ness is not contingent on a specific architectural choice, solidifying their 
status as robust and flexible methods for practitioners.

Complementing the previous analysis, we now invert the perspective 
to evaluate which transformation method performs best for a fixed archi-
tecture. The results, presented in Table 4, show that for every architec-
ture, the choice of transformation method yields statistically significant 
performance differences (𝑝 < .01 in all cases). A clear pattern of domi-
nance emerges: REFINED is the statistically best-performing method for 
the ViT, CNN, and ViT+MLP architectures. The only exception is the 
CNN+MLP architecture, where the non-parametric DM achieves the top 
rank.

This statistical hierarchy provides robust validation for our earlier 
empirical findings. The consistent, top-ranked performance of REFINED 
across three of the four architectures solidifies its status as the most 
reliable default choice. The strong showing of DM, particularly its vic-
tory with the CNN+MLP model, confirms it is more than just a viable 
non-parametric alternative; it is the optimal choice for a specific and 
effective hybrid architecture. This aligns with our observation that non-
parametric methods are highly competitive in certain contexts. Finally, 
the consistently poor ranking of FeatureWrap across all architectures 
provides statistical evidence for the empirical finding that it is gener-
ally less effective than other methods.

5.5.  Aggregate performance analysis

The previous sections analyzed performance by fixing either the trans-
formation method or the architecture. We now broaden the scope to 
determine if any single architecture or method demonstrates superior 
performance overall. To this end, we conduct two final Skillings–Mack 
tests, aggregating performance across all datasets.

First, we evaluate the architectures. For each dataset, every archi-
tecture is paired with its best-performing transformation method, rep-
resenting a best-case scenario. The aggregated results are presented in 
Table 5.

The results in Table 5 provide a crucial insight that refines our earlier 
empirical observations. Numerically, the vision-only ViT architecture 
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Table 4 
Method performance within each architecture using Skillings–Mack test. Ranks are computed within each dataset (1=best); averages reported across 
datasets. Lower average rank indicates better performance. Bold indicates the best method per architecture.
 Architecture  TINTO  IGTD  REFINED  DM  BarGraph  Combination  SuperTML  FeatureWrap  BIE 𝑇 𝑝  n  Sig.
 ViT  5.50  6.00  2.67  4.17  3.42  3.11  4.71  6.91  4.92  73.10  0.0000  24  ***
 CNN  5.31  5.31  2.94  4.25  4.33  3.08  4.29  6.59  5.53  49.42  0.0000  24  ***
 CNN+MLP  5.02  5.77  3.50  3.17  3.97  4.44  3.74  6.36  5.44  46.03  0.0000  24  ***
 ViT+MLP  5.21  4.96  2.94  4.92  4.36  4.00  4.71  5.98  4.89  26.59  0.0008  24  ***

Table 5 
Aggregate performance comparison for architectures and 
transformation methods. Lower average ranks indicate bet-
ter performance. Each architecture or method is evaluated 
using its optimal counterpart per dataset. Bold values de-
note the overall best performer within each category.
 Architecture Performance (using best transformation method)
 Architecture  Avg Rank  Wins  Win Rate (%)
 ViT  2.29  9/24  37.5
 ViT+MLP  2.35  6/24  25.0
 CNN+MLP  2.67  5/24  20.8
 CNN  2.69  5/24  20.8

 Skillings–Mack test: 𝑇 =2.45, 𝑝=0.4844 (n.s.)
 Transformation Method Performance (using best architecture)
 Method  Avg Rank  Wins  Win Rate (%)
 REFINED  2.79  12/24  50.0
 BarGraph  3.89  2/24  8.3
 Combination  4.06  0/24  0.0
 DM  4.17  1/24  4.2
 IGTD  4.88  2/24  8.3
 SuperTML  5.15  2/24  8.3
 BIE  5.22  2/24  8.3
 TINTO  5.31  2/24  8.3
 FeatureWrap  6.45  1/24  4.2

 Skillings–Mack test: 𝑇 =39.01, 𝑝<0.001 (***)

achieves the best average rank and the highest win rate, which aligns 
with the initial finding that vision-only models win more frequently on 
average across the different tasks. However, the Skillings–Mack test re-
veals that these differences are not statistically significant (𝑝 = .4844). 
This is a key finding: when each architecture is optimized with its best 
transformation method, no single architecture proves to be statistically 
superior on a global level. The slight edge observed for vision-only mod-
els in the empirical analysis does not translate to a statistically robust 
advantage. This suggests that performance is driven more by the success-
ful pairing of a method and an architecture rather than by an inherent, 
universal advantage of any single architectural choice.

Having established that no single architecture holds a statistically 
significant advantage, we now apply the same analysis to the transfor-
mation methods to determine if a single method emerges as the overall 
winner.

In stark contrast to the architectural comparison, the analysis of 
transformation methods in Table 5 reveals a clear and statistically sig-
nificant hierarchy (𝑝 < .001). The REFINED method is the unambiguous 
winner, achieving a far superior average rank of 2.79 and winning 50% 
of all datasets–a stark lead over all other methods. This result provides 
the strongest possible statistical validation for the central claim of our 
empirical analysis: that REFINED is the most reliable transform across 
regimes and should be considered the default choice. While other non-
parametric methods like Combination and DM were identified as practi-
cal options, this aggregate statistical test confirms that they do not reach 
the same level of overall performance as REFINED when each method 
is optimized with its best architectural partner.

To probe the significance of this victory, we conduct a final post-hoc 
Nemenyi test, presented in Table 6, comparing REFINED against each 
competitor individually. The results add a crucial layer of nuance. While 

Table 6 
Post-hoc Nemenyi test comparing Refined against other transformation meth-
ods. Ranks are computed within each dataset (1=best); lower ranks are better. 
Mean Rank Difference is defined as (competitor - REFINED). The null hypothesis 
of equal performance is rejected if the Mean Rank Difference exceeds the Critical 
Difference (CD) at 𝛼 = 0.05.

 Comparison Method  Mean Rank Diff.  Critical Diff. (CD)  n  Outcome (𝑝 < .05)

 TINTO  2.521  3.468  24  Not Significant
 IGTD  2.083  3.468  24  Not Significant
 DM  1.375  4.004  18  Not Significant
 BarGraph  1.097  4.004  18  Not Significant
 Combination  1.264  4.004  18  Not Significant
 SuperTML  2.355  4.120  17  Not Significant
 FeatureWrap  3.663  3.622  22  Refined is better
 BIE  2.431  4.004  18  Not Significant

REFINED’s superiority is statistically significant when compared to the 
weakest method, FeatureWrap, its performance advantage is not statis-
tically significant against the other strong contenders, including IGTD, 
Combination, and DM. This finding does not contradict REFINED’s sta-
tus as the best-performing method; rather, it clarifies it. REFINED is the 
leader among a group of top-performing methods that are statistically 
indistinguishable from one another.This aligns perfectly with our empir-
ical observations, where methods like Combination and DM were noted 
to be highly competitive and practical options in many regimes.

6.  Discussion of findings and limitations

This section interprets the benchmark results from Section 5. We 
first provide a qualitative analysis of the synthetic image representa-
tions , connecting their visual features to the observed performance. We 
then synthesize the quantitative findings to answer our research ques-
tions and conclude by addressing the study’s limitations and threats to 
validity.

6.1.  Qualitative analysis of synthetic images

The tabular data into synthetic images paradigm is grounded in the 
premise that imposing a spatial organization on inherently order-free 
tabular data allows vision models to exploit their inductive biases. The 
methods benchmarked in this study pursue this objective through two 
complementary design philosophies, which have direct and critical im-
plications for handling the arbitrary nature of feature order.

Parametric methods, i.e., REFINED, IGTD, and TINTO, create spa-
tially meaningful synthetic images by learning an optimal layout in 
which feature relationships are encoded as spatial proximity. This pro-
cess is inherently order-invariant, as it discards the original column se-
quence to discover a data-driven organization (see Fig. 8a–e). In con-
trast, non-parametric methods such as DM, BarGraph, Combination, 
FeatureWrap, SuperTML, and BIE produce deterministic, rule-based vi-
sualizations whose spatial structure depends directly on the initial fea-
ture order (see Fig. 8f–h). Although they lack intrinsic spatial semantics, 
these methods still generate consistent visual patterns that vision models 
can exploit.

Beyond feature order, the composition of the tabular data, particu-
larly the balance between numerical and categorical attributes, strongly 
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Fig. 8. Visual comparison of tabular data into synthetic image transformations, both parametric and non-parametric methods across representative datasets.

shapes the visual properties of the resulting synthetic images. For high-
dimensional, fully numerical datasets, e.g., MIMO and ISOLET (see 
Fig. 8c and e), parametric transformations yield information-dense and 
smoothly structured representations. In datasets dominated by categor-
ical variables, such as Covertype, one-hot encoding expands each cat-
egory into high-dimensional binary vectors, introducing sparsity that 
disrupts spatial coherence. This results in discrete, textureless patterns 
across both parametric and non-parametric methods (see Fig. 8h and d), 
with non-parametric approaches yielding rigid, binary-like layouts and 
parametric methods showing reduced smoothness. However, the preced-
ing analysis shows that a high proportion of categorical features does not 
systematically favor either classical or neural pipelines. Nevertheless, 
the exploration of alternative embedding techniques could mitigate this 
limitation by replacing sparse one-hot vectors with dense, continuous 
representations that preserve category semantics. Incorporating these 
embeddings before the transformation would yield smoother spatial or-
ganization and more informative visual patterns for vision models.

To address RQ2, we compare the computational efficiency and scal-
ability of parametric and non-parametric encoding families (see Sec-
tion 3.3). Parametric methods exhibit a clear dimensionality-reduction 
effect that enables scalable representation of high-dimensional data. Un-
like non-parametric mappings, whose synthetic image size grows with 
the number of input features, parametric methods such as TINTO main-
tain a fixed resolution, while others, like REFINED and IGTD, produce 
synthetic images whose dimensions scale efficiently with the square root 
of the number of features. This behavior becomes especially evident in 
high-dimensional datasets: the MIMO dataset (see Fig. 8c) with 1600 nu-
merical features is represented as a compact 40×40 image. Similarly, 
the DNA dataset (Fig. 8b) with 180 categorical features is projected onto 
a 20×20 grid, avoiding the dimensionality explosion that one-hot en-
coding would otherwise produce.

This compression, however, incurs high computational cost during 
the fitting phase, especially for REFINED (∼20,000 s in high-dimensional 
datasets such as Bioresponse), followed by IGTD (∼700 s) and TINTO 
(<60 s). Non-parametric methods, with negligible fitting time, are faster 
on large datasets but less efficient as dimensionality increases due to im-
age size growth. While the transformation phase scales with sample size 
for all methods, it could be parallelized, mitigating runtime on large 
datasets like Covertype. In summary, parametric methods offer com-
pact and scalable representations at higher computational cost, with 
TINTO achieving the best trade-off between efficiency and scalability. 
Non-parametric methods are computationally light but unsuitable for 
high-dimensional data. These results define the central conclusion of
RQ2.

6.2.  Synthesis of findings

Our comprehensive experimental evaluation, spanning empirical anal-
ysis across regression, binary, and multiclass tasks, and culminating in 
a series of formal statistical tests, reveals a clear and multi-faceted view 
of what drives performance in synthetic image-based tabular learning. 
The findings tell a cohesive story, where initial observational trends are 
consistently validated, refined, and deepened by statistical scrutiny.

The initial exploration established that performance is governed not 
by task type, but by the data regime, defined by sample size (𝑁) and fea-
ture dimensionality (𝑑). This empirical performance map suggested that 
classical models excel in data-rich, low-dimensional settings, while neu-
ral pipelines hold an advantage when data is scarce or dimensionality 
is extreme. It also identified two key patterns: the consistent variance-
reduction effect of hybrid models, which reliably narrowed error bars 
even when not winning on mean performance, and the emergence of 
REFINED as the most reliable transformation method across diverse sce-
narios.

The subsequent statistical analysis provided a rigorous validation of 
these observations, leading to a central, striking asymmetry: the choice 
of transformation method is of critical and statistically significant impor-
tance, whereas the choice of vision architecture is a secondary, context-
dependent decision. Our aggregate tests show that no single architec-
ture, i.e., ViT, CNN, or their hybrid variants, is superior overall; the 
empirical observation of a slight edge for vision-only models does not 
hold up to formal scrutiny. Instead, the optimal architecture is contin-
gent on the transformation method. For many methods, hybrid models 
proved to be the statistically superior choice, providing a formal basis 
for the empirical finding that they consistently improve model stability. 
For top-tier, robust methods like REFINED, however, the architectural 
choice was not statistically significant, affording practitioners valuable 
flexibility.

Ultimately, performance is overwhelmingly dictated by the trans-
formation. Here, REFINED was statistically confirmed as the best-
performing method, achieving the highest win rate and the best average 
rank. However, a final post-hoc analysis added a crucial nuance: while 
REFINED is the clear leader, its performance is not statistically superior 
to most of the other methods. As shown in Table 6, its advantage over 
strong contenders like IGTD, Combination, DM, and BarGraph is not 
statistically significant. This result confirms our empirical observation 
that other methods like IGTD and Combination are strong competitors. 
It demonstrates that while REFINED has the best average performance, 
it belongs to a group of top-tier methods that are statistically equivalent.
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The key takeaway for practitioners is therefore a clear hierarchy of 
decisions. The primary and most critical choice is the transformation 
method; this involves selecting from the top-performing methods–with 
REFINED as the safest and most consistently high-performing default. 
The secondary choice of architecture, while less critical for achieving 
peak performance, offers a strategic opportunity to enhance model sta-
bility by opting for a hybrid variant.

6.3.  Threats to validity

Our study was designed with specific methodological choices that de-
fine the scope of our findings and provide clear directions for future re-
search. Our focus is on the tabular data into synthetic image conversion 
paradigm, meaning our conclusions on neural performance do not nec-
essarily extend to other deep tabular architectures, such as those based 
on contextual embeddings. For preprocessing, we standardized on one-
hot encoding as a common baseline; while effective, we acknowledge 
that alternative strategies like entity embeddings could yield different 
outcomes, particularly for high-cardinality features.

Similarly, our benchmark prioritizes a rigorous, unified optimiza-
tion of the downstream model architectures. Consequently, the up-
stream transformation methods were applied using their standard, 
recommended hyperparameters. While an exhaustive search over 
transformation-specific parameters could yield further marginal gains, 
our approach isolates the impact of the transformation methodology it-
self. Furthermore, non-parametric methods whose synthetic image di-
mensions scale with the number of features (i.e., BarGraph, DM, Com-
bination, SuperTML and BIE) were excluded from high-dimensional 
datasets where their native image size becomes computationally ex-
pensive. While these large images could have been downsampled, we 
opted to evaluate them at their native resolution to avoid introducing 
a potentially confounding information-loss step, thereby limiting their 
application to low- and mid-dimensional data in this study.

Methodologically, we also chose not to employ explicit class-
balancing techniques in order to evaluate each model’s baseline per-
formance on the natural data distribution. We recognize this may favor 
models inherently more robust to skewed distributions, e.g., GBDT, and 
our results should be interpreted in this context. Finally, as with any 
benchmark, our conclusions are drawn from a finite set of 24 datasets, 
and the performance patterns identified may shift when applied to do-
mains with different underlying data-generating processes.

7.  Conclusion and open challenges

This work presents a systematic benchmark of tabular data into syn-
thetic image methods and neural architectures for tabular data. By eval-
uating nine transformation methods across 24 datasets under a unified 
and rigorous hyperparameter optimization framework, we provide a 
comprehensive view of the factors that drive performance.

Our findings show that performance is determined primarily by 
the data regime. Neural pipelines excel in data-scarce or high-
dimensional settings, whereas classical models dominate in data-rich, 
low-dimensional ones. A clear asymmetry emerges: the choice of trans-
formation method exerts a statistically and practically greater influence 
on performance than the choice of vision architecture, which remains 
context-dependent. Although aggregate differences between architec-
tures such as ViT and CNN are not statistically significant, hybrid de-
signs (ViT+MLP, CNN+MLP) excel in small datasets and consistently 
reduce predictive variance across all regimes, confirming the advantage 
of combining vision-based models with MLPs.

Among transformation methods, REFINED demonstrates the highest 
robustness across tasks and architectures, leading a top tier of statisti-
cally comparable approaches that includes IGTD, Combination, and DM. 
Parametric methods like REFINED offer compact and spatially mean-
ingful representations but are computationally demanding due to their 
optimization-based fitting phase. In contrast, non-parametric methods 

are lightweight yet scale poorly with dimensionality, as image size 
grows linearly with the number of features.

Future work should focus on optimizing scalability and interpretabil-
ity. Integrating categorical features, via embeddings or distance-based 
metrics, is a key step toward broader applicability. Enhancing the in-
terpretability of dense transformations like REFINED and improving 
parametric pipelines for large-scale data are also priorities. Finally, 
our hybrid models use basic feature concatenation; exploring more ad-
vanced fusion strategies (e.g., cross-attention or Transformer-encoder) 
inspired by multimodal learning could further unlock the potential of 
synthetic image-based models for tabular data [19]. Additionally, inte-
grated transformation strategies, where synthetic image generation is 
learned jointly with the model, offer a promising direction for adaptive 
spatial encoding.
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