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Abstract

Tabular data is one of the most common data formats found in
the web and used in domains like finance, banking, e-commerce
and medical. Although deep neural networks (DNNs) have demon-
strated outstanding performance on homogeneous data such as
visual, audio, and textual data, tree ensemble methods such as Gra-
dient Boosted Decision Trees (GBDTs) are often the go-to choice
for supervised machine learning problems involving heterogeneous
tabular data. However, a major limitation of these methods lies in
the difficulty of plugging-in other modalities (like text, images), as
is achievable with deep learning (DL) models. To bridge this gap,
researchers have put forth a multitude of DL approaches tailored
specifically for tabular data. In this work, we propose a new path
embedding-based method to harness the structural information
from tree ensembles to improve tabular data representation. Our
approach not only demonstrates superior performance compared
to existing DL models for tabular classification tasks but also out-
performs competitive baselines when combined with textual data
in multimodal tabular transformers.
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1 Introduction

Deep Learning (DL) methods have demonstrated unprecedented
performance on predictive and generative tasks involving homo-
geneous data such as text, audio and video. In contrast, their per-
formance lags behind the classic tree ensemble methods such as
XGBoost [6], CatBoost [26] on several tabular datasets comprising
of heterogeneous data involving sparse categorical (ordinal, nomi-
nal) and dense numeric features [23]. Researchers have identified
several reasons for this phenomenon. Firstly, deep learning (DL)
models are susceptible to the nature and quality of training data.
Tabular datasets often contain missing values, outliers, erroneous
data, label imbalance, skewed or heavy tailed feature distributions
and the number of labeled examples are often small compared to
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the dimensionality of the feature vectors [23]. While most of these
characteristics are handled well by the tree-based methods, DL
models often struggle with it. Secondly, tabular datasets have ei-
ther missing or complex spatial dependencies which means there
is little or no spatial correlation between features in these datasets.
Therefore, the inductive biases present in DL models such as Con-
volutional Neural Networks (CNN), Recurrent Neural Networks
(RNN) which are well-suited for homogeneous datasets are often
unsuitable for tabular data [4, 14]. Thirdly, modeling homogeneous
data includes an implicit representation learning and involves min-
imal preprocessing. In contrast, DL methods for tabular data are
highly sensitive to the data preparation and preprocessing steps
such as feature imputation, feature normalization and the methods
employed for handling categorical features. Lastly, tabular datasets’
target variable could be dependent on single feature. For instance,
a single categorical feature change could cause the predicted class
to flip; whereas in homogeneous data such as images, it would take
a coordinated change in many pixels to change the class.

Why use DL ? - Nevertheless, researchers have continued to
invest in developing DL models for tabular data, driven by their
adaptability to multimodal settings, where tabular data comple-
ments input modalities like text & images, which wouldn’t be possi-
ble in tree-based models like GBDT. Also unlike GBDTs, DL models
support iterative training, i.e. when new batch of data becomes
available, they can be fine-tuned on the new data, without having
to retrain the entire model from scratch. These factors have lead
to the resurgence in DL methods for tabular data [11, 13, 16, 17].
However, developing methods to represent tabular data in higher di-
mensions—while effectively capturing diverse feature distributions
and outliers—remains a significant challenge. Additionally, there are
numerous design options for integrating these representations with
existing text-based deep learning embeddings to efficiently capture
cross-modal interactions between textual and tabular data (further
discussed in Section 2). In order to address these challenges, we
propose an approach that combines the strengths of both paradigms
(GBDT & DL). We propose a new path embedding-based method
to harness the structural information from tree ensembles to im-
prove tabular data representation. This representation learning
strategy also enables seamless integration with textual modality,
thereby improving performance on multimodal classification tasks.
In summary, our main contributions can be outlined as follows:

e We introduce a novel method TreeTransformer that har-
nesses the structural information derived from trained tree-
ensemble (GBDT here) models, enabling the generation of
a homogeneous representation for tabular datasets.

e We conduct a comprehensive comparison of Deep Learn-
ing Methods for Tabular data across 41 publicly available
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Figure 1: [Best viewed in color] TreeTransformer architecture.

OpenML datasets [1]. Through our evaluation, we demon-
strate that our proposed method outperforms prior state-
of-the-art DL models, including those that utilize represen-
tations obtained from GBDTs.

e We also show that using TreeTransformer can improve
performance over other popular cross-modality combina-
tion techniques on 5 multimodal classification tasks [27]
involving both text and numeric/categorical data.

2 Related Works

Tabular Data Approaches: A large group of prior approaches
propose using customized popular deep learning architectures such
as MLP [9, 11, 13], ResNets [13, 19], Transformers [11, 13, 17, 28],
Convolutional Neural Networks [32] and Graph Convolutional
Networks [8] for tabular learning. [17, 29] were among the first to
employ a transformer encoder for this task. We suggest referring
to [5] for more details. Improving upon these, another line of work,
more similar to ours, employ both decision tree ensembles and DL
models for tabular data modeling. [11] propose an approach where
they first train a decision tree and extract (feature, value) tuples
from the decision stumps. They use these tuples to split the range of
every numerical feature into disjoint set of multiple intervals/bins.
Then each of these bins are assigned trainable embeddings which
are aggregated and passed to neural architectures like MLP or
Transformer. Next DeepGBM [18] used an ensemble of GBDT and
DL methods for tabular data classification specifically by passing
the leaf nodes of trained GBDT model as input to their DL model,
but do not leverage the internal (non-leaf) nodes. Another approach
DeepTLF develop a novel knowledge distillations procedure, called
TreeDrivenEncoder, which given an input feature vector x, visits the
inner nodes of every tree of the trained GBDT model and exploits
the decision tree’s boolean functions to construct a binary feature
vector. The resultant representation is fed to a MLP. They show
that this approach outperfoms several competetive baselines such
as DeepGBM [18], TabTransformer [17] and NODE [25]. [20] extend
the DeepTLF framework, and utilize pretrained tree ensembles to
transform raw variables into binarized embeddings.

We choose the best approaches from the above mentioned works
as baselines based on their performance on TabZilla Benchmarks
[23]. Another parallel line of work includes TabPFN [16] and TabR [12]

which utilize data-lookup during inference. However their qua-
dratic runtime and memory costs make them unsuitable for large
datasets. Hence, we don’t consider these methods in our study.

Multimodal Approaches: With the rise of multimodal transfer
learning [7, 24] in DL, researchers have introduced various methods
to fuse multiple modalities such as text, images, and audio [30] to
enhance downstream performance. These methods can generally be
categorized into two main approaches: early fusion and late fusion,
often incorporating cross-modal interaction mechanisms (e.g., co-
attention [22] or hierarchical attention [21]) at different stages. In
late fusion [15], interactions between modalities occur near the
final layers, whereas early fusion enables these interactions across
all intermediate layers. Although less explored due to the inherently
heterogeneous nature of tabular data, recent studies have begun
investigating early fusion techniques [2, 27, 31] for modeling text
+ tabular data. In this work, our focus is to propose a simple but
novel architecture-agnostic approach for encoding tabular data to
get homogeneous representations which can be plugged into any
of these above state-of-the-art multimodal architectures to obtain
performance gains.

3 Proposed Approach

Algorithm 1: Tabular Encoding Scheme used in
TreeTransformer
Input: List of decision trees trees from trained GBDT
Output: String of traversed node tokens separated by [SEP]
1 Initialize result « [J;

2 for each tree T in trees do

3 Initialize an empty list traversed_nodes;

4 Set current_node < T.root_node;

5 while current_node is not a leaf do

6 result « result + current_node.token;

7 if current_node.condition is true then

8 L Set current_node «— current_node.right_child;
9 else

10 L Set current_node <« current_node left_child;
1 result < result + [SEP];

12 return result;
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Figure 1 depicts our approach in a nutshell. We first train a GBDT
model (here XGBoost [6]) using numerical and categorical features
that is subsequently used to obtain the homogeneous tabular repre-
sentation corresponding to any input data. Each decision stump in
the trained GBDT model is assigned a unique token. For a given
input data point we run the inference on the trained GBDT model
while tracing the tokens encountered during traversal following
Algorithm 1. The resultant sequence of discrete tokens is used as
the textual representation for the input sample. [SEP] tokens are
added so as to help the DL model discriminate between tokens cor-
responding to different trees. The resultant sequence length scales
with O(T = log(N)) where T is the number of trees in ensemble
and N is the total nodes. The hyperparameters are tuned using
Optuna library to ensure maximum length doesn’t exceed 128. In
case of modeling tabular data, these textual tokens are mapped
to vectors using a trainable embedding matrix lookup operation.
The resultant embeddings are passed to a BERT-styled transformer
encoder block with a classification head which is trained using
binary cross-entropy loss. We found that our model performance
is more sensitive to the tree-based hyperparameters than the DL
ones.

Our approach can be seamlessly extended to the text + tabular
multimodal use case, where the input consists of a concatenation of
tokens from textual fields and the special tokens outlined in Algo-
rithm 1. In the text + tabular use case, leveraging pretrained models
like BERT allows us to utilize their deep language understanding
capabilities. To seamlessly integrate the special tokens required for
handling tabular fields, we extend BERT’s embedding matrix to
include these new tokens as part of the vocabulary. This ensures
that the model can process both the standard textual input and the
additional tokens representing tabular features. The new tokens are
inijtialized with random embeddings, allowing the model to adapt
during fine-tuning without disrupting its pretrained knowledge.
This approach enables a unified representation of text and tabular
data while retaining the benefits of transfer learning.

Unlike several previous approaches discussed earlier our ap-
proach results in a target-aware tree representation (since GBDT
is trained using the same ground truth label) which inherently
possesses the benefits of feature selection. Since we directly lever-
age the learned tree ensembles here, this also mitigates the usual
challenges of encoding tabular data using DL models due to ir-
regular feature distributions, missing values, etc. Our approach is
inspired from both DeepTLF [3] and TreeToToken [20] approaches
discussed in Section 2. We explicitly state the difference here. Firstly,
while both DeepTLF and TreeToToken utilize the nodes of trained
GBDT models, neither of these methods encode the nodes using
trainable embeddings. In contrast, our approach employs a train-
able embedding matrix that is randomly initialized, with each node
corresponding to a unique embedding. According to experiments
conducted in [11], embedding binary features has exhibited supe-
rior performance compared to using binarized raw feature vectors
directly in the model. Secondly, to achieve a homogeneous represen-
tation of the input data, both DeepTLF and TreeToToken consider
tree ensembles as collections of nodes, disregarding the struc-
tural information inherent in these trained trees, such as the
depth of the node, the sequence of nodes from root to leaf, and
the relationship of nodes within the tree. Whereas our proposed
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method leverages this information. Another advantage of our en-
coding method is that since it relies on the path from the root node
to the leaf node, the input length scales with O(log(N)). In contrast,
the input length of DeepTLF or TreeToToken scales with O(N). As
a result, our method requires less time for training and inference
when dealing with transformer models, whose time complexity
grows quadratically with the length of the input sequence.

4 Results and Performance Comparison

Table 1: Performance comparison with baselines on 41 GBDT-
friendly benchmark datasets for binary classification, reporting the
rank and AUC of each approach averaged across 10 folds.

Rank | AUCT Std. AUC

Algorithm Category min  max mean med. mean med mean med
XGBoost [6] GBDT 1 5 1.60 1 0.89 0.92  0.03 0.01
ResNet [13] DL 1 4 3.7 4 0.85 0.87  0.04 0.02
SAINT [28] DL 1 7 3.58 3 0.83 0.86  0.04 0.02
FTTransformer [13] DL 1 7 4.28 5 0.86 0.90  0.04 0.02
TreeToToken [20]  Tree-rep + DL 1 7 3.58 3 0.83 0.86  0.05 0.02
DeepTLF [3] Tree-rep + DL 1 7 5.36 6 0.83 0.85 0.04 0.02
TreeTransformer Tree-rep + DL 1 6 3.07 3 0.88 0.91 0.04 0.02

Table 2: Performance comparison with baselines on 11 hard bench-
mark datasets for binary classification, reporting the rank and AUC
of each approach averaged across 10 folds.

Rank | AUCT Std. AUC
Algorithm Category min  max mean med. mean med mean med
XGBoost [6] GBDT 1.27 0.88 0.92  0.03 0.03
ResNet [13] DL 4.18 0.85 0.85  0.03 0.03
SAINT [28] DL 4.00 0.84 0.85  0.03 0.03

FT Transformer [13] DL 3.20 0.86 0.89  0.03 0.03

TreeToToken [20]  Tree-rep + DL
DeepTLF [3] Tree-rep + DL
TreeTransformer  Tree-rep + DL

5.27
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3.27
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Table 3: Performance comparison on various datasets, reporting
the AUC for different approaches averaged across 10 folds.

imdb jigsaw  kick  airbnb channel
All Text 0.8043  0.9618 0.7776 0.7922 0.6764
Early Fusion 0.7952  0.9623 0.7611 0.7859 0.6069
Late Fusion 0.8134  0.9626 0.7614 0.790 0.6073
TreeTransformer 0.8213 0.9692 0.7863 0.8019 0.7485

Tabular Data Results: For reporting results, we use 41 binary
classification GBDT-friendly datasets from the TabZilla Benchmark
[23] where DL models usually underperform traditional tree-based
approaches like GBDT owing to their irregular feature distributions.
This choice is made because for DL-friendly datasets where prior
DL approaches outperform GBDTs it’s a solved problem already. Ta-
ble 1, shows that our proposed approach TreeTransformer signifi-
cantly outperforms prior tree-based DL approaches TreeToToken
and DeepTLF in terms of both mean rank and mean AUC of each
approach across all datasets. Furthermore, it surpasses other non-
tree DL baselines such as SAINT, FTTransformer and ResNet. This
validates our initial hypothesis that leveraging the tree structure
and paths, while keeping trainable node embeddings (which have
been overlooked in previous approaches), aids our model in learn-
ing superior tree representations. We notice that the tree-based DL
baselines TreeToToken and DeepTLF typically exhibit the lowest
performance while our proposed approach performs the best. This
underscores the fact that with the right technique, representations
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extracted from GBDTs are useful for tabular tasks. The TabZilla
benchmarks also identify 36 datasets from a mix of both DL-friendly
and GBDT-friendly datasets as hard due to the consistently low per-
formance of most algorithms. Among these, we focus only on the
binary classification tasks and compare against baseline methods in
Table 2. TreeTransformer, consistently achieves the highest mean
AUC, outperforming other deep learning baselines. However, in
terms of mean rank, FTTransformer, a pure DL approach slightly
edges out on the DL-friendly datasets by a very narrow margin (in
the third/fourth decimal place), improving its rank. Overall, our
approach helps narrow the performance gap between XGBoost and
DL models on both GBDT/DL-friendly datasets. We next demon-
strate the benefits of applying DL techniques to tabular data in
multimodal scenarios, where tree-based models often lag behind
pre-trained DL methods [27].

Multimodal Results: For our analysis, we selected five datasets
from the collection of binary and multiclass classification datasets
in [27] having more than five numerical features (for the learned
GBDT model to provide meaningful representation). As outlined
in Section 2, we compared our proposed approach with popular
modality-fusion techniques - (a) Early Fusion - similar to xVal [10],
we maintain a single trainable embedding for numerical features,
scaling it by their corresponding magnitudes, and appending it to
the textual and categorical data before feeding it into the trans-
former encoder stack. (b) Late Fusion - numerical and categorical
features were appended to the [CLS] token embedding from the
transformer and then passed through classifier and (c) All Text -
numerical and categorical features were converted to strings and
were directly appended to the textual data. As shown in Table 3,
our proposed method outperformed all baselines on all 5 datasets.

Conclusion: We find that our novel path-based tabular encoding
approach surpasses previous state-of-the-art techniques for tabular
encoding, including the tree+DL methods. Furthermore, integrating
our architecture-agnostic approach with DL models outperforms
other widely-used techniques for combining modalities, showing
the usefulness of tree-based representations. Future work could
easily extend this approach to audio and visual modalities.
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