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Brief Outline

* Tabular data
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* Transformer
* TransTab

* RNN

* Mambalab

e PatchTST

* iTransformer
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Tabular Data

*Numerous applications in healthcare, finance,
Industry, etc.

*Heterogeneous data type unlike images
*Numerical/binary/categorical
*May require incremental learning



Difficulties

*Inability of regular methods in incremental
setting

*Memory drawbacks of deep learning models
*Extensive pre-processing
*Performance limitation



XGBoost

e Efficient implementation of gradient
boosting

*Widely used in competitions and industry

* Fast and scalable

* Handles large dataset



XGBoost

* Gradient Boosting: Sequentially builds
decision trees to correct previous errors
*Key Steps:
oStart with initial prediction
olrain new trees on residuals (errors)
oMinimize the loss
oRepeat for several boosting rounds



Installation

pip install xgboost



XGBoost

from xgboost import XGBClassifier

from sklearn.datasets import load iris
from sklearn.model selection import
train test split



XGBoost

data = load iris()

X_train, X test, y train, y test =
train test split(data[ 'data’'], data[ target'],
test size=0.2, random state=42)



XGBoost

bst = XGBClassifier(n estimators=2,
max_depth=2, learning rate=1,
objective="multi:softmax’', num_class=3)

bst.fit(X train, y train)

preds = bst.predict(X test)



XGBoost

Advantages:
* Efficientin speed and memory
* Handles missing values

* Parallel computing support (CPU/GPU)
Limitations:

e Complextuning of hyperparameters

* May overfit with noisy data

* Can be memory-intensive for large datasets
* Not suitable for feature incremental learning
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TransTab
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Installation

pip install git+https://github.com/RyanWangZf/transtab.git

https://github.com/RyanWang/Zf/transtab



Usage

import transtab

allset, trainset, valset, testset, cat cols,
num_cols, bin cols \

= transtab.load data('credit-approval’)



Usage

model = transtab.build classifier(cat cols,
num_cols, bin cols)

training arguments = {
'num_epoch':5,
‘eval metric':'val loss',
'eval less is better':True,
‘output dir':'./checkpoint’
}



Usage

transtab.train(model, trainset, valset,
**training arguments)

ypred = transtab.predict(model, df x)



Limitations

* Manual feature identification
* Large number of parameters
e Scalability issue



Transformer
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Transformer
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Transformers vs RNNs

Training Inference

Transformers Fast Slow

RNNs Slow Fast



Mamba

Input sequence
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SSM (State Space Machine)
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RNN and SSM
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RNN and SSM
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Mamba

nput L H 1A Mamba Block

prﬂ;ﬂt‘f.‘{)ﬂ _«* projection "~

ILFu _HE EE

Convolution

r_ activation @D
| ad Mamba Block :
Selective
SSM

X

activation or multiplication

.. projection ,+”

Output B [



Efficient Implementation
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Efficient Implementation
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Transformers vs RNNs vs Mamba

Training Inference
Transformers Fast Slow
RNNs Slow Fast

Mamba Fast Fast



Installation

https://github.com/state-spaces/mamba

pip installmamba-ssm



Some requirements

Linux

NVIDIA GPU
PyTorch 1.12+
CUDA 11.6+

https://learn.microsoft.com/en-us/windows/wsl/about



Mamba

import torch

from mamba ssm import Mamba

batch, length, di
x = torch.randn(b
model = Mamba(

d model=dim,

d state=16,
d_conv=4,
expand=2,
).to("cuda")
y = model(x)

assert y.shape ==

m=2, 64, 16
atch, length, dim).to("cuda")

# Model dimension d model
# SSM state expansion factor
# Local convolution width
# Block expansion factor

X.shape



MambaTab

 Extremely small model size and number of
learning parameters

* Linear scalability

* End-to-end training and inference with minimal
data wrangling

* Superior performance

 Adaptable to multiple learning schema



MambaTab
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MambaTab

pip install torch==2.1.1 torchvision==0.16.1
pip install causal-convld==1.1.1
pip install mamba-ssm



MambarTab files

MambaTab.py
README.MD

config.py
feature_incremental.py
supervised_mambatab.py

train_val.py

I SR P R P R I R I R

utility.py

https://github.com/Atik-Ahamed/MambaTlab



config={
'DATASET_NAME":'credit_approval,
'SEED':15,
'BATCH':100,
'LR":0.0001,
'EPOCH":1000,
'REPRESENTATION_LAYER'":32,
'ssl_epochs':100,

ssl_corruption’:0.5,

ssl':False,

'device':'cuda’




Data availability

Dataset URL

credit-g https://www.openml.org/search?type=data&status=active&id=31

credit-approval https://archive.ics.uci.edu/ml/datasets/credit+approval

dress-sales https://www.openml.org/search?type=data&status=active&id=23381

adult https://www.openml.org/search?type=data&status=active&id=1590

cylinder-bands https://www.openml.org/search?type=data&status=active&id=6332

blastchar https://www.kaggle.com/datasets/blastchar/telco-customer-churn

insurance-co https://archive.ics.uci.edu/ml/datasets/Insurance+Company+Benchmark+728C0IL+2000%29
1995-income https://www.kaggle.com/datasets/lodetomasil995/income-classification

Table 13, TransTab



Dataset format

* Dataset should be in .csv format.

* Header row should be the first row in the .csv file.

* Target column should be the last column in the .csv
file.

* Rename the file to data_processed.csv and place it in
the datasets/X folder, where X can
be dress, cylinder, etc.



Credit-Approval Dataset
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Example output

$ python supervised mambatab.py
Train: (483, 15)

Val: (69, 15)

Test: (138, 15
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Feature Incremental Learning
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Self-supervised Learning
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Time Series
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PatchTST
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PatchTST
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iIiTransformer
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Qualitative Comparison (Electricity)
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Qualitative Comparison (Traffic)
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Resources

* https://github.com/thuml/Time-Series-Library
* https://github.com/Atik-Ahamed/TimeMachine

* https://github.com/yuqinie98/PatchTST


https://github.com/thuml/Time-Series-Library
https://github.com/Atik-Ahamed/TimeMachine
https://github.com/yuqinie98/PatchTST
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