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Abstract

Tabular data is the most abundant data type in the world,
powering systems in finance, healthcare, e-commerce, and
beyond. As tabular datasets grow and span multiple related
targets, there is an increasing need to exploit shared task
information for improved multitask generalization. Multi-
task learning (MTL) has emerged as a powerful way to im-
prove generalization and efficiency, yet most existing work
focuses narrowly on large-scale recommendation systems,
leaving its potential in broader tabular domains largely un-
derexplored. Also, existing MTL approaches for tabular data
predominantly rely on multi-layer perceptron-based back-
bones, which struggle to capture complex feature interac-
tions and often fail to scale when data is abundant, a limi-
tation that transformer architectures have overcome in other
domains. Motivated by this, we introduce MultiTab-Net, the
first multitask transformer architecture specifically designed
for large tabular data. MultiTab-Net employs a novel mul-
titask masked-attention mechanism that dynamically models
feature–feature dependencies while mitigating task competi-
tion. Through extensive experiments, we show that MultiTab-
Net consistently achieves higher multitask gain than exist-
ing MTL architectures and single-task transformers across
diverse domains including large-scale recommendation data,
census-like socioeconomic data, and physics datasets, span-
ning a wide range of task counts, task types, and feature
modalities. In addition, we contribute MultiTab-Bench, a gen-
eralized multitask synthetic dataset generator that enables
systematic evaluation of multitask dynamics by tuning task
count, task correlations, and relative task complexity.

Code — https://github.com/Armanfard-Lab/MultiTab

Introduction
Tabular data is a fundamental data format that supports a
wide range of industries, including finance, healthcare, and
e-commerce. Its structured layout of rows and columns en-
ables efficient storage, querying, and manipulation, support-
ing critical applications from large-scale recommendation
systems (Li et al. 2020) to population studies based on sur-
vey data and medical diagnosis (Centers for Disease Control
and Prevention 2017). As tabular data becomes increasingly
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ubiquitous, advancements in data collection and digital in-
frastructure have led to massive, high-dimensional datasets
with multiple related prediction targets. In healthcare, for
instance, patient records containing age, BMI, and lab re-
sults can be used to predict both the presence of diabetes
and the risk of high blood pressure. Similarly, on an online
retail platform, it is desirable to not only predict if a user
will click on a product, but also if they will add it to their
cart and make a purchase (Su et al. 2024).

In such settings, multitask learning (MTL) (Caruana
1997) offers a way to leverage task correlations and improve
generalization by training models on multiple tasks simul-
taneously. This shared learning enhances feature representa-
tions, mitigates overfitting, and acts as a form of regulariza-
tion (Vandenhende et al. 2021). Beyond improving perfor-
mance, MTL improves computational efficiency by enabling
a single model to handle multiple tasks in parallel, reduc-
ing training and inference time (Sinodinos and Armanfard
2022). In large-scale production environments, particularly
recommendation systems, MTL has already proven effec-
tive in modeling related metrics such as click-through rate
(CTR) and conversion rate (CVR) (Ma et al. 2018; Tang
et al. 2020; Su et al. 2024). However, MTL for tabular data
remains largely underexplored outside of recommendation
systems and existing approaches typically rely on simple
multi-layer perceptron (MLP) backbones (Ma et al. 2018;
Tang et al. 2020; Su et al. 2024). These MLP-based back-
bones lack explicit architectural mechanisms for modeling
complex inter-feature interactions and task-specific depen-
dencies (Cheng et al. 2016), which can limit their scalability
as datasets and task counts grow (McElfresh et al. 2023).

Transformer architectures offer a promising alternative.
While MLPs implicitly learn feature interactions through
dense layers, transformers can leverage self-attention to
dynamically model the relationships between features and
tasks (Vaswani 2017). In domains like NLP and vision,
transformers have demonstrated their strength in capturing
long-range dependencies and complex interactions, particu-
larly when trained on large datasets (Devlin 2018; Doso-
vitskiy 2020). Specifically for tabular data, transformers
can also capture sample-level dependencies through self-
attention, modeling relationships across rows and achieving
substantial performance gains (Somepalli et al. 2021). This
ability to model both inter-feature and inter-sample depen-
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Figure 1: Overview of MultiTab-Net, our proposed multitask transformer for tabular data. A sample of d features (categorical
and/or numerical) and t task tokens are passed through an embedding network to generate embeddings of size e for each token.
Task tokens are appended to the feature tokens, forming a combined input sequence, which is then processed by stacked encoder
blocks. Each encoder block consists of inter-feature and inter-sample attention modules, along with feed-forward networks and
residual connections. After N encoder blocks, the processed task tokens T ′ = {T ′

1, . . . , T
′
t} are passed through task-specific

multilayer perceptrons (MLP) to generate the final task predictions TP = {TP
1 , . . . , TP

t }.

dencies is particularly valuable for tabular datasets, where
the relative importance of columns (features) and rows (sam-
ples) often varies across tasks. These advantages, combined
with the increasing availability of large-scale, multi-target
tabular datasets motivates the exploration of transformer-
based architectures for MTL in tabular data.

We introduce MultiTab-Net, a novel multitask trans-
former designed specifically for tabular data. It combines
the generalization and efficiency benefits of multitask learn-
ing with transformers’ ability to model complex feature in-
teractions via attention. A key innovation is our multitask
masked attention framework, the first such mechanism ap-
plied to multitask transformers. While demonstrated on tab-
ular data, this framework has broader potential in domains
like computer vision and NLP, where managing task compe-
tition while capturing intricate feature interactions is equally
critical. This mechanism prevents task interference in inter-
feature learning (Kendall, Gal, and Cipolla 2018), leading
to superior multitask gain, ∆m (Maninis, Radosavovic, and
Kokkinos 2019), on large-scale datasets, outperforming tra-
ditional multitask MLPs and single-task transformers. No-
tably, the magnitude of these gains exceeds those typically
reported in prior multitask tabular works (Ma et al. 2018;
Tang et al. 2020; Su et al. 2024).

In addition to public tabular datasets, synthetic data has
become a standard approach for evaluating multitask learn-
ing performance and robustness to variations in task correla-
tion (Ma et al. 2018; Tang et al. 2020). The existing method
by (Ma et al. 2018) allows for tunable task correlations but
is limited to two tasks and lacks a notion of relative task
difficulty—both key factors in multitask learning dynam-
ics (Vandenhende et al. 2021). These constraints limit its
effectiveness in analyzing multitask behaviors. To address
this, we introduce MultiTab-Bench, a novel synthetic multi-
task dataset generator that enables full tunability of pairwise
task correlations and relative task difficulty for any number
of tasks, providing a more comprehensive synthetic baseline
for multitask evaluations in tabular settings.

Overall, our contributions are as follows:
• We introduce MultiTab-Net, the first multitask trans-

former architecture for tabular data, which outperforms
existing MLP-based multitask models and single-task

transformer models on widely used tabular benchmarks.
• We propose a novel multitask masked attention

method that mitigates the effects of task competition dur-
ing inter-feature relationship learning.

• We develop MultiTab-Bench, a new synthetic multitask
tabular dataset generator that enables fine-grained control
over pairwise task correlations and relative task difficulty
for any number of tasks, allowing for evaluation on vir-
tually any multitask learning setting.

Related Works
Deep Learning has transformed domains like vision and
language (Krizhevsky, Sutskever, and Hinton 2012; Devlin
2018), but has historically struggled to handle the hetero-
geneous feature types and irregular distributions common in
tabular data. Recent studies now show that deep learning can
also achieve competitive or superior performance on tabular
benchmarks (McElfresh et al. 2023; Erickson et al. 2025).
Multi-Layer Perceptrons (MLPs) remain strong baselines
when paired with careful regularization, tuning, and em-
bedding strategies (Kadra et al. 2021; Gorishniy, Rubachev,
and Babenko 2022). Building on this, transformer-based ar-
chitectures such as TabTransformer (TabT) (Huang et al.
2020), FT-Transformer (FT-T) (Gorishniy et al. 2021), and
SAINT (Somepalli et al. 2021) adapt attention mechanisms
to tabular data, yielding consistent gains. More recently,
foundation models like TabPFN (Hollmann et al. 2022,
2025) and TabICL (Qu et al. 2025) introduced in-context
learning for tabular settings, but their scalability is limited
to datasets with fewer than 100k samples, making them un-
suitable for large-scale applications.

Multitask learning in tabular data has received limited
attention outside of recommendation systems. MMoE (Ma
et al. 2018) introduced a multitask mixture-of-experts
(MoE) architecture using MLPs. PLE (Tang et al. 2020) ex-
tended this design by partitioning experts into shared and
task-specific groups, mitigating task interference through a
more structured gating scheme. STEM (Su et al. 2024) then
incorporated task-specific and shared embeddings and intro-
duced stop-gradient constraints to prevent cross-task updates
during backpropagation. This idea of controlling cross-task
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interactions directly influenced the multitask masked atten-
tion mechanism in MultiTab-Net. To the best of our knowl-
edge, MultiTab-Net is the first transformer-based MTL
model for tabular data, offering a scalable architecture and
novel attention design tailored for multitask learning.

MultiTab-Net: A Multitask Tabular
Transformer

We propose MultiTab-Net, a novel multitask transformer ar-
chitecture designed for tabular data. It introduces two major
innovations: (1) a multi-token mechanism that enables par-
allel task processing while capturing both shared and task-
specific information, and (2) a multitask masked attention
mechanism that encourages task-specific focus and inhibits
task interference for inter-feature attention.

MultiTab-Net Architecture
The architecture of our multitask transformer, illustrated
in Figure 1, builds upon existing transformer-based tabular
models, such as FT-Transformer (Gorishniy et al. 2021) and
SAINT (Somepalli et al. 2021), that adopt the BERT-style
approach (Devlin 2018) by adding an input token embed-
ding corresponding to the downstream task. We extend this
idea to a multitask setting by introducing a distinct task to-
ken Ti for each of the t tasks. This multi-token design en-
ables parallel task processing, allowing each task token to
interact with shared feature representations while retaining
task-specific information. In Table 2, we demonstrate empir-
ically that this multi-token approach, combined with appro-
priate masking, outperforms the naı̈ve multitask variant of
using one shared task token as input to t decoder heads.

The model first processes the t task tokens and d input
features (both categorical and numerical) through separate
embedding networks for each token. Following (Gorishniy
et al. 2021; Somepalli et al. 2021; Su et al. 2024), the em-
bedding networks ensure that all tokens are transformed into
appropriate vector representations with embedding size e
for the transformer layers. The resulting tokens are concate-
nated to form a sample x ∈ R(d+t)×e, which is fed into
the encoder blocks. Following (Somepalli et al. 2021), each
encoder block contains two types of attention layers: Inter-
Feature and Inter-Sample. The Inter-Feature layer models
relationships across features (columns) within a sample.
This mechanism is central to all transformers. In our model,
this layer also allows tasks to attend to features and vice
versa. The Inter-Sample attention layer captures patterns be-
tween samples (rows) in a batch, which has been shown
to improve generalization for tabular data (Somepalli et al.
2021). Each attention layer is followed by a feed-forward
network (FFN), and layer norms are used to improve train-
ing stability. After N encoder blocks, the task tokens are sent
to task-specific MLPs to generate each task prediction, TP

i .

Multitask Masked Attention
In extending transformers to a multitask setting for tabu-
lar learning, the introduction of task tokens fundamentally
changes the structure of the inter-feature (column-wise) at-
tention. Instead of attention operating solely between feature

tokens, the attention matrix now contains additional quad-
rants; where task tokens can attend to other task tokens, task
tokens can attend to feature tokens, and feature tokens can
attend to task tokens. This richer interaction space enables
task tokens to explicitly influence other task and feature to-
kens. However, it also introduces new risks of task competi-
tion and the “seesaw phenomenon” (Tang et al. 2020), where
certain tasks dominate the shared capacity and harm over-
all performance (Vandenhende et al. 2021). Since attention
scores directly govern how tokens influence each other, they
present an intuitive point of intervention. If task tokens are
allowed to freely influence each other or the feature tokens,
dominant tasks may distort attention distributions, biasing
feature–feature interactions and harming generalization. To
address this, we investigate explicit masking strategies that
selectively remove certain connections in the attention map,
thereby limiting the pathways through which interference
can arise. Concretely, we propose and evaluate three can-
didate masking schemes, each grounded in logical intuition:
• F̸→T: Attention scores for the task tokens are masked

from the feature tokens. The idea is to have only feature
tokens influence other feature tokens, without influence
from task tokens that may compete for representation.

• T̸→T: Attention scores between different task tokens are
masked. The idea is to limit their direct influence over
each other and to further mitigate task competition.

• F̸→T & T̸→T: Attention scores for the task tokens are
masked from the feature tokens and different task tokens.
The idea is to compound the benefits from both schemes.

We now present the mathematical formulation of our
masking method in the context of Inter-Feature attention.
Given a sample x ∈ R(d+t)×e obtained by appending t task
tokens to d feature tokens (each with embedding size e), we
compute the multi-head attention scores for the ith head and
the output xout as follows:

Qi = xWQi
, Ki = xWKi

, Vi = xWVi
, (1)

Ai = softmax
(
QiK

⊤
i√

dk

)
, xatt,i = AiVi (2)

xout = Concat(xatt,1, xatt,2, ..., xatt,h)WO (3)

Here, WQi
,WKi

,WVi
∈ Re×dk are learnable projection

matrices, dk is the attention head dimension split across
h heads such that dk = e

h for each head, and Ai ∈
R(d+t)×(d+t) captures the attention scores among all tokens.
The outputs from all heads are concatenated and multiplied
with the output projection layer WO ∈ Re×e to form xout.
To prevent any task from disproportionately influencing the
attention process, we apply a mask MA to selectively con-
strain the attention maps Ai according to Equation 4.

Ai = softmax
(
QiK

⊤
i√

dk
+MA

)
, (4)

In practice, the mask MA modifies the pre-activation at-
tention scores by adding −∞ to masked positions and 0
to unmasked ones. After applying the softmax activation,
the masked entries become 0, and the unmasked scores
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Figure 2: Illustration of the attention mask MA under differ-
ent masking schemes. Masked cells are shaded in grey and
unmasked in white. In this example, there are two task to-
kens and six feature tokens. In T ̸→ T, task tokens do not
attend to other task tokens. Similarly, in F ̸→ T, feature to-
kens do not attend to task tokens. Finally, F ̸→ T & T ̸→ T
combines both schemes.

are unchanged. The candidate masking schemes are illus-
trated in Figure 2. It is worth noting that we do not eval-
uate masking the feature tokens from the task tokens (i.e.,
T̸→ F), as task tokens must attend to feature tokens for
task-specific information extraction, as shown across numer-
ous domains (Dosovitskiy 2020; Somepalli et al. 2021; De-
vlin 2018). In contrast to inter-feature attention, which relies
on explicit token-to-token interactions that can be masked,
inter-sample attention pools information across entire sam-
ples, making masking inapplicable. The formulation of our
multitask inter-sample attention is detailed in the Appendix.

MultiTab-Bench: A Generalized Synthetic
Multitask Dataset Generator

In tabular learning, synthetic data generation has become
a valuable tool for evaluating supervised learning perfor-
mance (Ma et al. 2018) and even for achieving impressive
zero-shot performance on real data when generated with suf-
ficient diversity in underlying distributions and feature in-
teractions (Hollmann et al. 2022, 2025). However, unlike
domains such as computer vision (Zamir et al. 2018; Mot-
taghi et al. 2014), there is a notable lack of evaluations fo-
cused on multitask tabular learning involving more than two
tasks. This represents an important gap in the literature, as
it has been shown that effective multitask learning models
are capable of managing complex training dynamics asso-
ciated with an increasing number of tasks (Standley et al.
2020; Sinodinos and Armanfard 2025). To address this, we
introduce MultiTab-Bench, a novel synthetic dataset gener-
ator designed to evaluate multitask performance across an
arbitrary number of tasks with tunable pairwise task correla-
tions and relative task complexity, offering ample flexibility
for simulating diverse multitask settings.

Formulation of Weight Vectors
Ma et al. (2018) introduced a synthetic multitask dataset
generator designed for exactly two tasks. They would gen-
erate a weight vector for each task, w1 and w2, such that
their cosine similarity matched a predefined correlation con-
stant p. These weight vectors were applied to samples drawn
from a standard normal distribution through a series of non-

linear transformations, which empirically demonstrated a
predictable influence on the Pearson correlation between
the output labels. While this setup allowed for flexible con-
trol over task correlations, it was limited to two tasks and
lacked the complexity needed to assess the robustness of
modern multitask models. Building on their approach, we
propose a generalized multitask synthetic dataset generator
that supports full tunability of task correlations for an ar-
bitrary number of tasks, while introducing additional com-
plexities such as relative task difficulty and task-specific un-
certainty (Kendall, Gal, and Cipolla 2018). Specifically, we
formulate our task-specific weight vectors as follows:
1. Define the Correlation Matrix P: We define P ∈ Rt×t

as a symmetric correlation matrix where Pij = 1 if i = j
to represent self-correlation, and Pij = p if i ̸= j to
represent the desired pairwise correlation between tasks.

2. Perform eigendecomposition of P: Since P is real sym-
metric, we have P = QΛQT , where Q ∈ Rt×t is the or-
thogonal matrix of eigenvectors (not to be confused with
the query matrix used in attention), and Λ ∈ Rt×t is the
diagonal matrix of eigenvalues λ1, λ2, . . . , λt. By defi-
nition of eigendecomposition, the matrix entries Pij can
be expressed as Pij =

∑t
k=1 QikQjkλk, where Qik and

Qjk denote the entries of matrix Q corresponding to the
ith and jth rows, respectively, and the kth column. Since
0 ≤ p ≤ 1 and t ≥ 2, P is guaranteed to be positive
semidefinite (see Horn & Johnson, 2012) and thus the
entries of Λ are non-negative.

3. Construct the task-specific weight matrix: Expressed
as W = QΛ1/2UT , where Λ1/2 is the diagonal ma-
trix containing the square roots of the eigenvalues, U ∈
Rd×t is a matrix with columns of orthogonal unit vectors
u1,u2, . . . ,ut ∈ Rd.

We can now verify cosine similarity between weight vec-
tors wi and wj : cosine similarity(wi,wj) =

wT
i wj

∥wi∥∥wj∥ . Let
wi be the ith row of W, from wi =

∑t
k=1 Qik

√
λkuk

and the orthogonality of U, we derive: wT
i wj =∑t

k=1 QikQjkλk = Pij . Since ∥wi∥ = 1, the cosine sim-
ilarity is exactly Pij . Further details about the intermediate
steps in the proof can be found in the appendix.

Data Generation
To generate task labels with predictable pairwise Pearson
correlations, we first produce task-specific weight vectors
with tunable pairwise cosine similarity. The data generation
process proceeds as follows:
1. Generate Input Features: Similar to the approach

in (Ma et al. 2018), the input features x ∈ Rd are sam-
pled from a standard multivariate normal distribution:
x ∼ N (0, I)

2. Generate Labels: Task-specific labels for the ith task
are then generated using a polynomial transformation
combined with task-specific noise such that yi =∑di

k=1(w
T
i x)

k + ϵi, and ϵi ∼ N (0, σ2
i ), where di is the

polynomial degree and σ2
i controls the task-specific noise

variance, introducing uncertainty into the labels.
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Prior work (Kendall, Gal, and Cipolla 2018) highlights the
link between task uncertainty, difficulty, and training bal-
ance. By adding task-specific noise, our method enables
finer control over relative task difficulty.
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Figure 3: Average pairwise Pearson correlation for two and
four tasks using the same polynomial degree (PD) for each
task label. PD = [1, 1] indicates that two tasks were gener-
ated using a polynomial of degree 1, and similarly for other
PD values and task counts.

For each plot in Figures 3 and 4, we use MultiTab-Bench
to generate 100 datasets with 10k samples each and plot the
mean and 2σ pairwise Pearson correlations between task la-
bels. In Figure 3, all tasks share the same polynomial de-
gree (PD), resulting in lower label correlations as PD in-
creases, implying a more difficult multitask learning setting.
Also, the mean label correlations are the same in both plots,
demonstrating that tuning task correlations is predictable re-
gardless of the number of tasks. To achieve a more complex
multitask scenario, we can simply use different PD for each
task, as seen in Figure 4 for a simple three-task scenario.
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Figure 4: Average pairwise Pearson correlation for three
tasks using different polynomial degrees (PD) for each task
label. PD = [2, 3, 4] indicates that tasks T1, T2, and T3 were
generated using polynomial degrees 2, 3, and 4, respectively.

Experimental Setup
Public Datasets
AliExpress (Li et al. 2020) is a large-scale recommendation
dataset containing user behavior and transaction data. We
use the preprocessed version from (Xi et al. 2021), which

includes two binary classification tasks: predicting prod-
uct clicks (Click) and whether clicks convert to purchases
(Conv.). ACS Income (Ding et al. 2021) is a modern re-
placement for the Adult Census dataset (Becker and Ko-
havi 1996), featuring survey data with demographic and em-
ployment attributes. We follow prior MTL setups (Ma et al.
2018) with two tasks: prediction of income level being above
50k (Income) and marital status classification (Marital).
Higgs (Baldi, Sadowski, and Whiteson 2014) contains sim-
ulated particle collision data and is a popular single-task
benchmark. We extend it to a multitask setting by predict-
ing the main classification target (Target) alongside seven
high-level properties (HLP1–HLP7) handcrafted by physi-
cists, allowing evaluation under a higher task count. A sum-
mary of all dataset statistics can be found in Table 1, which
demonstrates a variety of feature counts, feature types, task
counts, task types, and class balance for categorical tasks.

Dataset # Samples (M) # Features # Tasks Categorical
Class Ratio (%)(train/val/test) Num. Cat. Num. Cat.

Higgs 9.90/0.55/0.55 17 4 7 1 (47.01, 52.99)

AliExpress 10.94/1.22/5.56 60 15 0 2 (97.99, 2.01)
(99.03, 0.07)

ACS Income 1.17/0.25/0.25 0 10 0 2 (60.56, 39.44)
(54.59, 2.08, 10.74, 1.71, 30.88)

Table 1: Summary of datasets used in our experiments.

Evaluation Metrics
For classification and regression tasks, we report the area
under the ROC curve (AUC) and explained variance (EV),
respectively. To evaluate overall multitask performance, we
use the multitask gain (∆m) (Maninis, Radosavovic, and
Kokkinos 2019), which quantifies the average improvement
achieved by a multitask learning method m compared to a
single task learning baseline b across all tasks i ∈ T , as seen
in equation 5.

∆m =
1

T

T∑
i

(−1)li
(
Mm,i −Mb,i

Mb,i

)
(5)

Here, Mm,i and Mb,i denote the performance metric for
method m and baseline b respectively for task i. The value li
is set to 1 if a lower metric value is desirable for task i, and
0 otherwise. The resulting ∆m is interpreted as a percentage
of the average improvement over the baseline b. Additional
metrics and variance analysis can be found in the appendix.

Baselines
For the single-task baseline (STL), we follow the standard
practice in MTL by using independent multi-layer percep-
trons (MLPs) (Goodfellow et al. 2016) for each task. The
multitask baseline (MTL) follows the “shared-bottom” ar-
chitecture (Caruana 1997), where a portion of neurons is
shared across tasks. We also compare against state-of-the-art
multitask models used in large-scale recommendation sys-
tems: MMoE (Ma et al. 2018), PLE (Tang et al. 2020), and
STEM (Su et al. 2024), which are all MLP-based. As the
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first multitask transformer for tabular data, there is no di-
rect multitask baseline, so we will also evaluate single-task
tabular transformers, including TabT (Huang et al. 2020),
FT-T (Gorishniy et al. 2021), and SAINT (Somepalli et al.
2021). Lastly, we include XGBoost (Chen and Guestrin
2016) due to its strong performance on tabular data.

Implementation Details
We implement all baseline models from scratch, follow-
ing open-source implementations closely when available to
ensure a fair and unified experimental setting. It has been
shown that neural networks typically require extensive tun-
ing for each tabular dataset (McElfresh et al. 2023), so we
perform a thorough hyperparameter sweep for every model
using grid search with WANDB (Biewald 2020). Details of the
sweep configurations and the selected parameters are pro-
vided in the appendix. To make the evaluation fair, we keep
model capacities comparable across methods, although we
note that simply increasing capacity does not always lead to
better performance. For consistency, we transform the inputs
to embeddings for all baselines, as prior work has shown
this to improve tabular performance (Somepalli et al. 2021;
Su et al. 2024). All models are trained with the Adam opti-
mizer (Kingma 2014) and weight decay. Results are aggre-
gated over five random seeds, with the same five seeds used
for every model and dataset. All experiments are run on a
single RTX A5500 GPU. Our full PyTorch Lightning

implementation is included in the supplementary material.

MultiTab-Net AliExpress ACS Income Higgs

# Task Tokens Attn. Mask ∆m ↑ ∆m ↑ ∆m ↑

Single No Masking 0.2669 0.0893 -6.3491
F̸→T 0.1301 0.0837 -12.5587

Multiple

No Masking 0.2579 0.0783 1.1182
F̸→T & T̸→T 0.2975 0.1007 1.0197

F̸→T 0.3698 0.0951 0.9626
T̸→T 0.5512 0.1064 1.2337

Table 2: Ablation of multitask attention (Attn.) masking
methods for MultiTab-Net using a single shared task token
and multiple task tokens (i.e., one for each task). When us-
ing a single task token, only F̸→T is possible. Boldface in-
dicates the best value per column.

Results
Ablation Study
To assess the effectiveness of our architecture and candidate
masking strategies, we conduct an ablation across all three
public datasets, varying the number of task tokens (single
shared vs. multiple) and the candidate attention masks. As
shown in Table 2, two key trends emerge. First, the advan-
tage of using multiple task tokens increases with the number
of tasks. While the difference is minimal on AliExpress and
ACS Income (each with two tasks), the multi-token setup
yields clear gains on the eight-task Higgs dataset. This sug-
gests that a single shared token cannot adequately capture
task-specific information in more complex multitask set-
tings. Second, the choice of mask strongly affects perfor-
mance. Notably, F̸→T offers inconsistent benefits, implying
that features should retain access to task context. In contrast,
T̸→T consistently performs the best, showing that prevent-
ing task tokens from attending to each other helps reduce
task interference. Accordingly, all subsequent experiments
use the multi-token configuration with T̸→T masking.

Experiments with MultiTab-Bench
Our synthetic tabular data generator enables controlled vari-
ation of key multitask factors, allowing us to evaluate the
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AliExpress ACS Income Higgs

Models Click Conv.
∆m ↑ Income Marital

∆m ↑ Target HLP1 HLP2 HLP3 HLP4 HLP5 HLP6 HLP7
∆m ↑

AUC ↑ AUC ↑ AUC ↑ AUC ↑ AUC ↑ EV ↑ EV ↑ EV ↑ EV ↑ EV ↑ EV ↑ EV ↑

STL 72.07 85.67 0.0000 90.19 88.54 0.0000 84.90 94.39 32.42 38.79 60.43 99.19 68.16 62.83 0.0000
MTL 72.30 85.59 0.1129 90.28 88.56 0.0612 84.13 93.71 32.66 38.60 59.34 96.67 68.39 62.93 -0.6531

MMoE 72.28 85.57 0.0873 90.29 88.60 0.0893 85.03 93.98 32.34 38.48 59.95 97.91 68.39 62.99 -0.3525
PLE 72.42 85.73 0.2778 90.30 88.59 0.0892 85.31 94.31 32.37 38.84 60.27 98.20 68.40 63.01 -0.0314
TabT 72.15 85.91 0.1956 90.16 88.51 -0.0336 72.61 78.90 26.10 28.66 37.54 57.23 54.90 48.88 -24.7917
FT-T 72.28 85.87 0.2624 90.13 88.46 -0.0784 78.38 94.42 31.59 36.52 54.05 99.87 66.85 63.05 -3.4380

SAINT 72.21 85.70 0.1146 90.31 88.59 0.0948 85.54 94.44 31.14 37.14 57.96 98.14 67.66 62.87 -1.6514
XGB 72.15 86.02 0.2598 89.91 88.47 -0.1948 73.45 79.36 26.51 30.79 43.80 63.50 62.73 57.37 -18.5526

STEM 72.24 85.77 0.1763 90.28 88.58 0.0725 85.32 94.29 32.59 38.78 60.36 98.35 68.36 62.98 0.0571
MultiTab-Net 72.57 86.02 0.5512 90.28 88.64 0.1064 85.99 93.99 33.63 39.82 61.36 97.96 68.93 63.58 1.2337

Table 3: Test set results for all models across all public datasets. Boldface indicates the best value per column.

effects of task correlation (p), task complexity (measured by
polynomial degree, PD), and task count (t). Since it is not
feasible to test every possible configuration, we isolate the
effect of each factor by varying one at a time while keep-
ing the others fixed. As shown in Figure 5, MultiTab-Net
(ours) consistently achieves higher multitask gain than ex-
isting baselines (MMoE, PLE, STEM) across all variations,
demonstrating robustness to changes in task relatedness,
scalability with increasing task count, and improved han-
dling of task complexity. We further evaluate two settings
where tasks have markedly different levels of task complex-
ity and observe in Figure 6 that MultiTab-Net (ours) again
outperforms all baselines by a large margin. These results
highlight that MultiTab-Net not only handles balanced mul-
titask scenarios well but also excels when tasks vary widely
in difficulty, which is common in real-world applications.
Full dataset configurations and experimental details are pro-
vided in the appendix.

Comparison to State-of-the-Art

The results in Table 3 show that MultiTab-Net consistently
achieves the highest multitask gain, ∆m, across all datasets.
Notably, MultiTab-Net consistently outperforms STEM, the
most recent multitask model for tabular data, highlight-
ing the strength of a transformer architecture for multi-
task learning on large-scale tabular data. The comparison
with SAINT, which MultiTab-Net extends into a multitask
framework, further shows the value of our design choices.
Despite their architectural similarities, SAINT shows lim-
ited or even negative multitask gain, whereas MultiTab-Net
achieves clear improvements. On Higgs, MultiTab-Net again
delivers the strongest results, achieving a substantial ∆m.
XGBoost’s poor performance aligns with findings in the
original Higgs paper, where tree-based models struggled to
capture the complex targets. TabT also performs poorly on
Higgs because the dataset contains only four categorical fea-
tures, leaving most of the architecture reduced to a shallow
MLP—a limitation documented in its original work. Over-
all, these results demonstrate that MultiTab-Net’s combina-
tion of multi-token design and T̸→T masking leads to con-
sistently better generalization and scalability across diverse
tabular benchmarks.

Computational Efficiency Analysis
In Table 4, we evaluate the computational requirements for
MultiTab-Net against the other multitask tabular models
(MMoE, PLE, STEM), and MultiTab-Net’s closest single-
task counterpart (SAINT). When comparing to other MTL
methods, it is clear that we have a substantial advantage in
computational efficiency in ACS Income and Higgs, how-
ever, MultiTab-Net is slightly more expensive in AliEx-
press due to a high number of features. When comparing
to SAINT, which shares many architectural similarities to
MultiTab-Net, we achieve an efficiency multiplier roughly
equal to the number of tasks (i.e., roughly 2x fewer cost on
AliExpress and ACS Income, and 8x on Higgs), highlighting
the benefits of multitask learning.

Model AliExpress ACS Income Higgs

Params/FLOPs (M) Params/FLOPs (M) Params/FLOPs (M)

SAINT 3.62 / 9.70 0.49 / 1.35 5.50 / 15.02
MMOE 1.53 / 3.07 0.64 / 1.25 1.05 / 2.11

PLE 1.55 / 3.11 0.65 / 1.28 1.22 / 2.46
STEM 1.55 / 3.11 0.69 / 1.29 1.25 / 2.51

MultiTab-Net 1.80 / 4.85 0.28 / 0.77 0.70 / 1.90

Table 4: Number of parameters (Params) and floating point
operations (FLOPs) in millions (M). Lower values are desir-
able. Boldface indicates the best result in each column.

Conclusion
We introduced MultiTab-Net, the first transformer-based ar-
chitecture for multitask learning on tabular data. Its in-
novative multi-token approach with the multitask masked-
attention effectively limits task interference while capturing
complex feature interactions. MultiTab-Net consistently out-
performed existing MTL baselines across diverse datasets
and scaled well with increasing task count and complex-
ity. We also proposed MultiTab-Bench, a synthetic multi-
task dataset generator for systematic evaluation of key MTL
factors, including task correlation, complexity, and count.
Together, these contributions advance the state of multitask
learning in tabular domains and establish new benchmarks
for future research.
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