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- Tabular Data
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Why is deep learning not powerful for tabular data?

Only numerical features
Classification (16 datasets)

Regression (19 datasets)
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Normalized test accuracy of best
model (on valid set) up to this iteration

u

model (on valid set) up to this iteration

Why do tree-based models still outperform deep
learning on typical tabular data?

1 100 1 10 100
Number of random search iterations Number of random search iterations

Both numerical and categorical features

Classification (7 datasets) Regression (17 datasets)

Léo Grinsztajn Edouard Oyallon Gaél Varoguaux
Soda, Inria Saclay MLIA, Sorbonne University Soda, Inria Saclay
lec.grinsztajn@inria.fr
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Normalized test accuracy of best
model (on valid set) up to this iteration
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Why?
Heterogeneous , Small Size, Irregularity

\. DOTG_ Mining : Grinsztajn, L., Oyallon, E., & Varoquaux, G. (2022). Why do tree-based models still outperform deep learning on typical tabular data?. Advances in neural information processing systems,
ob Quality Analytics 25 507-520.




- Why Tabular Data is Important?
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SAINT: Improved Neural Networks for Tabular Data
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a B/ TABPFN: A TRANSFORMER THAT SOLVES SMALL
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s ) DEP:
b Universi Noah Hollmann®'? Samuel Miiller*' Katharina Eggensperger’ Frank Hutter'*
! University of Freiburg, 2 Charité University Medicine Berlin
0 ¥ Bosch Center for Artificial Intelligence * Equal contribution.
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- Tabular Data Seminar @ DMQA
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Diffusion Models for Tabular Data
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Diffusion Models for Tabular Data
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What is Next for Tabular Data?
Exploring Advances in Self-Supervised Leamning
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Diffusion Models for Tabular Data
1) Multinomial Diffusion 2) TabDDPM 3) Tab—CSDI

What is Next for Tabular Data? Exploring Advances in Self-Supervised Learning

1) VIME 2) STUNT 3) SCARF 4) TransTab 5) MambaTab

Self/Semi-Supervised Learning for Tabular Data
1) VIME 2) SubTab 3) SCARF 4) Contrastive Mixup
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If/Semi-Supervised Learning for

Tabular Data

Eparison of Machine/Deep learning

Methods for Tabular Dataset
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Deep Learning for Tabular Dataset

DMQA Open Seminar
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Deep Learning for Tabular Dataset
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Comparison of Machine/Deep learning Methods for Tabular Dataset
1) Deep Neural Networks and Tabular Data: A Survey

Deep Learning for Tabular Dataset
1) TabNet, 2) Tabular Data: Deep Learning is Not All You Need

2) Tabular Data: Deep Learning is Not All You Need
3) Why do tree—based models still outperform deep learning on tabular data?




When Do Neural Nets Outperform Boosted Trees on
Tabular Data?

Duncan McElfresh® %, Sujay Khandagale®, Jonathan Valverde®, Vishak Prasad C°,
Ganesh Ramakrishnan®, Micah Goldblum®, Colin White'-”

! Abacus.Al * Stanford, © Pinterest, ¥ University of Maryland,
* IIT Bombay, ® New York University, © Caltech

X GBDT AIEEL Hel'd AZE0| ds0| 521717
(NeurlPS 2020, 2123| 212
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- Introduction

Deep Neural Networks and Tabular Data: A Survey

EXplainable AI’tiﬁCial |I'ItE“igEI'ICE fOI’ Vadim Borisov™, Tobias Leemann™, Kathrin SeBler™, Johannes Haug ™,
Tabular Data: A survey Martin Pawelczvk™, and Gjergji Kasneci

MARIA SAHAKYAN ZEYAR AUNG ", (Senior Member, IEEE), AND TALAL RAHWAN" 2
! i I - Dhabi, U mirates

e, Tabular data: Deep learning is not all you need
o al an was ersity. Abu Dhabi, UAE, by providing a Ph.D. Scholarship and Rﬂﬁd Shwa r_tz_zi‘ir ’ M]imi mmnn

IT Al Group, [ratel, lorosf
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- Introduction

Deep Neural Networks and Tabular Data: A Survey

Explainable AI’tiﬁCial |I'ItE“igEI'ICE fOI' Vadim Borisov™, Tobias Leemann™, Kathrin SeBler™, Johannes Haug ™,
Tabular Data: A suwey Martin Pawelezvk™ ., and Gjergji Kasneei

EYAR AUNG ', (Senior Member, IEEE), AND TALAL RAHWAN 2
Computer Science, Khalifa University, Abu Dhabi, United Arab Emirates
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No individual algorithm dominates

HOHMOI d 2| E2 QiCt

Rank Mean Acc. Std. Acc. Time /1000 1nst.
Algorthm min max mean med. mean med. mean med. mean med.
TabPFN 1 18 4.88 3 0.84 093 035 026 0.00 0.00
CatBoost 1 18 5.37 -4 0.85 091 039 030 2622 2.75
ResNet 1 19 6.75 6 077 079 042 030 23.67 13.87
RandomForest 1 18 7.65 7 0.76 082 040 029 0.47 0.32
SAINT 1 19 7.67 6 0.74 087 042 031 19741 181.62
FTTransformer 1 18 7.93 7 0.75 078 042 032 3293 26.39
XGBoost 1 17 8.30 B 0.74  0.80 042 030 0.95 0.61
NODE 1 19 8.35 B 073 0.95 036 028 17355 14445
5VM 1 18 9.54 11 0.68 072 035 028 2390 0.42
MLP-rtdl 1 19 9.77 10 0.64 069 039 031 2148 12.21
LightGBM 1 19 10.00 10 0.68 071 045 038 0.64 0.23
LinearModel 1 19 1021 11 0.61 0.71 038 029 0.06 0.05
DANet 1 18 10.74 10 0.68 069 0.41 0.34 83.57 71.19
DecisionTree 1 19 1144 13 0.60 067 045 032 0.02 0.01
MLP 1 19 1149 13 0.57 054 0.38 030 2788 16.81
53TG 1 19 1149 12 0.57  0.64 040 034 2122 18.24
KNN 1 19 1312 15 046 051 038 032 0.00 0.00
TabNet 3 19 1454 16 0.42 040 052 049 41.83 34.35
VIME 2 19 14.88 17 033 027 036 029 18.95 16.43

i QrI2IZ0| MOIE 1 MOl Dataset OIAUIA 1919 F5H9IS 7|2
> BE Tabular HOIEIA 450| B 014S ot YT2IES giC
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- Performance

Accuracy [ Loss
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- Performance
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Accuracy [ Loss
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Training time per 1000 instances (sac)

* Log Loss
X ' NNs
Log Loss @® : Baseline
|16 1514131211M10 9 &8 7 6 5 4 3 2 1 : GBDTs
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- Performance

High Perf. Datasets by Algorithms

High-Performing Algorithm Family over 176 Datasets
Threshold = 0.99
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I Importance of Hyper Parameter Optimization

N

Data Mining
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CatBoost tuning improvement

ResNet tuning improvement
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< Best GBDTAIZ (XGBoost, Light GBM) / NNAIE (SAINT, ResNet) Zt Loss X}0|2} Metafeature &4
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Metafeature Analysis
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Metafeature Analysis
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Metafeature Analysis
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Metafeature Analysis
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Metafeature Analysis

Ho[gel o 540|558 E€ild|lg's 3950 F=5 =7

“ Irregularity

+ CatBoost A LightGBM «4 FTTransformer

% XGBoost v SAINT A ResNet Alg. 1 Alg.2  Corr.  Attribute Name
CatBoost ResNet -0.25 Maximum skewness of all features.
X X )536( CatBoost ResNet -0.24 Range of the skewness of all features.
9 107 - e & " + X CatBoost ResNet -0.23  Log of the standard deviation of the kurtosis of all features.
O A "_‘|_.|. X’u-‘ * CatBoost ResNet -0.23  Log of the standard deviation of the skewness of all features.
© X * X CatBoost ResNet  0.22  Log of the median of the absolute value of the covariance between all feature
P 1051 <« A X ‘ﬁ X A pairs.
- ﬁ( x CatBoost ResNet 0.21 Log of the median of the standard deviation of all features.
g A + CatBoost  ResNet 0.21  Log of the median of the variance of all features.
= 103 - w CatBoost ResNet  0.20 Log of the median of the maximum value of all features.
< CatBoost ResNet 0.20 Best performance of a naive Bayes classifier trained over 10-fold CV.
0 1 2 3 4 5 6
Irreqularity
(11 ”
Irregular
Heavy-tailed Skewed High Variation
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Metafeature Analysis
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Class A Class B

Of

—
=71
Alg. 1 Alg.2  Corr.  Attribute Name
CatBoost ResNet -0.25 Maximum skewness of all features.
CatBoost ResNet -0.24 Range of the skewness of all features.
CatBoost ResNet -0.23 Log of the standard deviation of the kurtosis of all features.
CatBoost ResNet -0.23  Log of the standard deviation of the skewness of all features.
CatBoost  ResNet 0.22  Log of the median of the absolute value of the covariance between all feature
pairs.
CatBoost  ResNet 0.21 Log of the median of the standard deviation of all features.
CatBoost  ResNet 0.21  Log of the median of the variance of all features.
CatBoost  ResNet 0.20 Log of the median of the maximum value of all features.
CatBoost  ResNet 0.20  Best performance of a naive Bayes classifier trained over 10-fold CV.

“Irregular” Data set2

=cd OO0, SHL S0 &

45t GBDT A€0| /&




Tabzilla

% TabZilla Benchmark : 'Hardest' Tabular Datasets (36 Datasets Selected from 176 Datasets)

Table 4: The TabZilla Benchmark Suite. Columns show the hardness metrics used as selection
criteria, dataset attributes, and the top-performing algorithms. *Std. Kurtosis® indicates the std. dev.

+ 7 = of the kurtosis of all features. Hardness metrics that meet our selection criteria are shown in bold.
T Hardness Metrics Dataset Attributes Top 3 Algs.
Dataset base 4th-best GBDT N #feats. Std. Kurtosis  1st 2nd 3rd
. = credit-g 0.26 0.13 0.12 1 000 21 1.92  ResNet FTTransformer  CatBoost
1 ) Basel | ne Q '.__,LEJE | }_I 0"*1 20% ol LH __I h gl'o I El [1' 0| E1A1I ngl jungle-chess 0.30 018 0.17 44 819 7 0.08 SAINT TabNet LightGBM
= o ° ©O AL " MiniBooNE 020 0.09 0.00 130 064 51 12162.65 LightGBM XGBoost CatBoost
albert 042 0.28 0.00 425240 79 1686.90 CatBoost XGBoost ResNet
; electricity 046 0.38 0.00 45312 9 2693.51 LightGBM XGBoost FTTransformer
2) _ALﬂA_Q-l OE'.-_,LE‘IEDLI‘ IE" xﬁl' I‘ E” 0| E‘l*ill elevators 0.36  0.08 0.05 16 599 19 2986.50 TabNet XGBoost CatBoost
guillermo 0.35  0.60 0.00 20 000 4297 NaN  XGBoost RandomForest TabNet
higgs 041 0.10 0.07 98 050 29 1553 ResNet XGBoost LightGBM
= — L (=) [ nomao 022 0.18 0.00 34 465 119 110034 LightGBM XGBoost CatBoost
3) G BDTS7I‘ .ﬂ__,L 1EE 1 O% |*|. I—I‘o * 6E EO' E"0| E‘I& 100-plants-texture 0,20 0.11 0.00 1 599 65 17.66 CatBoost XGBoost ResNet
poker-hand 0.58 0.98 0.00 1 025 009 11 0.08 XGBoost CatBoost KNN
protb 039 038 0.00 672 10 0.95 CatBoost DeepFM MLP-rtdl
socmob 0.24  0.10 0.00 1 156 6 NaN XGBoost CatBoost ResNet
audiology 043 0.03 0.00 226 70 NaN STG XGBoost ResNet
splice 030 0.03 0.00 3190 61 NaN LightGBM XGBoost CatBoost
vehicle 0.05  0.10 0.10 846 19 15.16 TabPFN SVM DANet
Australian 0.15  0.08 0.00 690 15 2.00 CatBoost XGBoost TabPFN
Bioresponse 0.07  0.07 0.00 3751 1777 328.77 LightGBM XGBoost CatBoost
GesturePhase 0.08  0.08 0.00 9872 33 52.18 LightGBM XGBoost CatBoost
SpeedDating 0.18  0.14 0.00 8378 121 36.43 XGBoost CatBoost LightGBM
ada-agnostic 012 011 0.00 4562 49 NaN  XGBoost CatBoost LightGBM
airlines 0.20 0.18 0.00 539 382 8 2.01 LightGBM XGBoost CatBoost
artificial-characters 0,13 0.11 0.00 10218 8 0.63 XGBoost LightGBM CatBoost
colic 013 011 0.00 368 27 4.00  CatBoost XGBoost FTTransformer
credit-approval 0.12  0.08 0.00 690 16 74.77  CatBoost TabPFN XGBoost
heart-h 0.10  0.07 0.08 294 14 NaN DeepFM TabTransformer NAM
Jjasmine 013 013 0.00 2984 145 47.60 CatBoost XGBoost LightGBM
kel 0.14  0.07 0.00 2109 22 28.34 CatBoost XGBoost FTTransformer
lymph 014 0.08 0.00 148 19 17.04 XGBoost DANet SAINT
mfeat-fourier 0.00  0.07 0.07 2000 77 0.64 SVM SAINT STG
phoneme 0.10  0.15 0.00 5404 6 1.23  XGBoost LightGBM RandomForest
gsar-blodeg 0.08 0.08 0.05 1 055 42 93.24 TabPFN CatBoost SAINT
balance-scale 0.07  0.05 0.16 625 5 0.02 TabPFN SAINT MLP
cnae-9 011 0.04 0.10 1 080 857 NaN  TabTransformer STG MLP-rtdl
mfeat-zernike 0.00  0.04 0.10 2000 48 142 SVM DANet ResNet
monks-problems-2  0.04  0.00 0.17 601 7 NaN  SAINT ResNet MLP-rtdl
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- Summary

< GBDT Al €12|=0| WrXOo=z NN AYHCL Tabular DataljiA= L2 ASS 2]

1) “Irregular” 58 GBDT AIQO|M EE15H YScH M5
2) Instance?t %2, Feature CiH| Instance H|20| & H|0|E{0IA = GBDT AE0A ATA 4S5t M5

< Tabular Data && A| M2t Framework
1) ZtHSt Baseline 22 A|x= (Random Forest, Decision Tree ) - HI0|E §3 me}
2) CatBoostE 7Ib{2 SI0|HII2{0|E T'd2t 8 Al (ZHESH 4% + 52 45)
3) A NN /g ¥ CtE GBDT AE ¢12E A=
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NEURAL OBLIVIOUS DECISION ENSEMBLES
FOR DEEP LEARNING ON TABULAR DATA

Sergei Popov Stanislav Morozoy
Yandex Yandex
sapopov@yandex-team.ru Lomonosov Moscow State University

stanis-morczov@yandex.ru

Artem Babenko

Yandex

National Research University

Higher School of Economics
artem.babenkolphystech. edu

HYA OO|EQ EdE flet MEY T2 2™ U=F
(ICLR 2020, 3243| 918
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I Ensemble

% Ensemble : 02 RUE Z3I5}0 HY DUHC} £ M5 27
Bias Variance Trade—off

A% B9 2yE
1

. . A
Unity is Strength
(13 B u't” g
L
! >
DE =8
Jnderﬂtting Optimal Overfitting
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I Ensemble

< Ensemble 7|

Bagging Boosting Stacking
Boostrap Aggreagting

CSV

bootstrap f)atq Data batq bootstrap f)atq D

LADA whhd N

aggregating \ l / \ l /

@Z @Z Meta—-learner CZ
Random Forest Adaboost, Catboost
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I Ensemble

< Ensemble 7|

Bagging Boosting Stacking
Boostrap Aggreagting

CSV

bootstrap f)atq Data batq bootstrap f)atq D

LADA whhd N

aggregating \ l / \ l /

@Z @Z Meta—-learner CZ
Random Forest Adaboost,|Catboost
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- Oblivious Decision Tree

azizEED)

+ ODTY| 72X U 53

242y
pel?
« Depth(d) =2, 2d=22=4 7§ 8t=29| TableZ E3i=
ves o pth(d) i =2
HTHA? WHA? - SYUsHHO U= =EOM SLot B A IZ(Splitting Threshold)
ye‘y \po ye‘s/ 1o
Afat zg EOtE 20| - DM M52 Uel(weak), X SHO| A
=> Gradient Boostingdt & &2= £ QS

> AN JIs (GPU 22
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B Entmax

1.0 a = 1 (softmax / — e
= 1.(25 ! /"/ /’,’ SOftmaX(zt) — n 2z
== o = 1.5 (Entmax) // 4 ZJ 1 €7 (E= U010 0N &= 1)
a = 2 (sparsemax) | ¢
4
0.5 p Sparsemax(z;) = max (z; — 7,0)
77 | (U5 240] 00|0 FH) TS 1
7 [
// /’/ L
0.0 - ___T_,’ = | Entmax(z;) = max (z;“l - T, 0)
—9 0 2 (Softmax / Sparsemax?| &7
t

S 2ol %2 EXM2 ofof HiXN|, 2t E™HM= 75X & 1
+0|& 7t
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- Oblivious Decision Tree

Obilivious Decision Tree

X = Y& Feature : [A,B,C,D,E,F,G]

A,B,C,D,E,F,G

Splitting Feature : |
f,(x), &= = Feature (Input) 1-(fy(x) —by)

Threshold | |
b, 28 Wt 5 JhE B 28kt 7t (1K) 1-(fy(x) = b,) 1 -(f,(x)-b,)
| |
=/| il e | | | |
1-(f,(x)—b) =0T EF 1 -(f5(x)-b;) 1 -(f3(x)-bs)
| | | |
Rooo Roos Ri10 Ry
L I | |
v
Output

h(x) =R[1-(fy(x) =by), ..., T -(fy(x) — by)]
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- Differential Oblivious Decision Ensemble

Differntiable Oblivious Decision Tree

X = ¥ & Feature : [A,B,C,D,E,F.G]

A,B,C,D,E,FG Tree Root

Splitting Feature € Differential

F(x)—b o,(F,(x)-b
F = st&71s5t “Feature MEH Matrix” ol l(l »b1)
=> Y wixi-b |
Threshold 0o (F2(x)-by) 0o (F2(x)-by)
st& 7St Parameter b | | 1 r | |
_Ejl - F3 0-oL(F3(X)'b3) Ga(F3(X)—b3)
Choice tensor = o,,(F(x)—hb) | | | |
h(_-'ﬂ} = Z Rél _____ ig ° fji] .._._1,1{-1':' Rooo Roor R Ry
i1....ige{0,1}4 Response  Choice L | | |
Tensor Tensor
« Response Tensor : Zf AE0|A2| ==14 XF 0 F0 7| A, Output

R& R 2"dXI (2d: Depth d Tree 7H5 8 27| 2=, 1 : =2 XHI 4= (Hyper Parameter,1~3)

-

« Choice Tensor: Y& x7| Zt E2| JE 2 2H|E S E S LIEIH. c(x)ER?Y, Ca) = [1 {_:lf_‘_::f-;;j} ® [1 (—zr{;?;)} e [l {_df(;?")]
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- Deeper NODE Architecture

Layer 1

<+ Layer?! Concatenation A,B,C,D,E,F,G

—. B E Layer= O|H Layer? 2= £3S QO Z AR
=

7t

olr

= Shallow / Deep 2£ 112! st
—. i LayerQ & Trees i-1HIM Layer7tX| 2]

ﬂH>|'

L—

=A
o

= Feature 2| XI5t Z&MS TR} 7

—

+) EE 0|S240| 2= TreelllA OS¢t 2o H Layer 3

ALY
=

—. “Backpropagation=2 3l &

Z Prediction
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Epsilon YearPrediction Higos Microsoft Yahoo Click

Tuned hyperparameters
CatBoost | 0.1113+4e—4 | 79.67+£0.12 | 0.2378+1e—4 | 0.556564+2e—4 | 0.5632+3e—4 | 0.3401£2¢—3
XGBoost | 0.1112+6e—4 53+0.09 | 0.2328+3e—4 (0.5544+1e—4|0.5420+4e—4| 0.3334+2¢—3
FCNN | 0.1041+2¢—4 99+0.47 | 0.214042e—4 | 0.5608+4e—4 | 0.5773+1e—3 | 0.33254+2¢—3
NODE [0.10344+3e—4| 76.2140.12 |0.2101+5e—4| 0.5570+£2e—4 | 0.569242¢—4 (0.3312+2e—3
mGBDT OOM 80.67 OOM OOM OOM OOM

DeepForest 0.1179 — 0.2391 — — (.3333

layer 1
H_h" |ayer 2
- layer 3
2.5% — - |-h-h,_, _ _ «-'\-2 le tr_-r q
_ 3 L] s layer 5
ﬁ & layer &
Permutation Feature nput layer 1 layer 2 layer 3 layer 4 layer 5 layer & layar '.' layer & E . layer &
Importance (PFI) } o= : o .
p [T JJJJ”J ”JJHJ . | H””JJU ; R
2,5% - - L b r- r Hu-'
Permutation importance

1. =71 20]0f: YHS FSotl 52
2. 72 0]0: O] O] A & IIX

rot
=B H
o
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Binning as a Pretext Task:
Improving Self-Supervised Learning in Tabular Domains

! Hye-Seung Cho! Moonjung Eo' Suhee Yoon'! Sanghyu Yoon '

Woohyung Lim !

Kyungeun Lee ! Ye Seul Sim

AEHOEMZEA S HIY - &

og!

Al H|O|E{0f| A K}7|K|E8HS 0| X
(ICML 2024, 43| °IL)
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- Unsupervised tabular deep learning

% Supervised, Semi—-Supervised, Unsupervised Learning and Self-supervised Learning

Supervised

A\
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- Unsupervised tabular deep learning

% Supervised, Semi—-Supervised, Unsupervised Learning and Self-supervised Learning

Supervised Semi- Supervised
s 0 |
I |

A\
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- Unsupervised tabular deep learning

% Supervised, Semi—-Supervised, Unsupervised Learning and Self-supervised Learning

Supervised Semi— Supervised Unsupervised

O O
o | ® |gqO i ® O

A\
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- Unsupervised tabular deep learning

% Supervised, Semi—-Supervised, Unsupervised Learning and Self-supervised Learning

Supervised Semi— Supervised Unsupervised
I I
: O | O
1 |
Ol Oz
O]_Ol OZ

Self-supervised

A\
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- Unsupervised tabular deep learning

% Supervised, Semi—-Supervised, Unsupervised Learning and Self-supervised Learning

Supervised Semi— Supervised Unsupervised
I I
: O | O
1 |
Ol Oz
Olol OZ 1,20] CH2t =X Pretext task

Self-supervised

A\
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- Self-Supervised Learning

Eetext Ta@

Predictor

Self-Supervised

Learning Mogel
Unlabeled Pre—training
Dataset Data

A\
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- Self-Supervised Learning

Downstream

/ Predictor \ / Predictor \ Fine—tune

Self-Supervised Transfer Supervised Learning
Learning Model > Model (Adaptation, Fine—tuning)

T !

Unlabeled Pre—-training Task-Specific I[_)aalzaelsic’i[
Dataset Data Data

A\
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- In the Tabular Domain, Contrastive Learning for SSL

% Contrastive Learning

SCARF: SELF-SUPERVISED CONTRASTIVE LEARNING
USING RANDOM FEATURE CORRUPTION

Dara Bahri, Heinrich Jiang, Yi Tay, Donald Metzler

Google Research
{dbahri,heinrichj,yitay,metzler}@google.com

Contrastive Mixup: Self- and Semi-Supervised
learning for Tabular Domain

Sajad Darabi Shayan Fazeli
UCLA UCLA
sajad.darabi@cs.ucla.edu shayan.fazeli@cs.ucla.edu

Majid Sarrafzadeh
UCLA
majid@cs.ucla.edun

Sriram Sankararaman
UCLA
sriram@cs.ucla.edun

Ali Pazokitoroudi
UCLA
alipazoki@cs.ucla. edu

FAReH OOy A2 O 7H4A,
CHE O|0E ¥2 o HAlol=

=] = =LA
ool st sts

A\
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- In the Tabular Domain, Auto Encoder for SSL

*» Auto Encoder

VIME: Extending the Success of Self- and
Semi-supervised Learning to Tabular Domain

Jinsung Yoon Yao Zhang
Google Cloud AL, UCLA University of Cambridge
jinsungyoon@google.com yzbbb@cam.ac.uk
James Jordon Mihaela van der Schaar
University of Oxford University of Cambridge
james. jordon@wolfson.ox.ac.uk UCLA, Alan Turing Institute
mv472Qcam.ac.uk

SubTab: Subsetting Features of Tabular Data for
Self-Supervised Representation Learning

Talip Ucar, Ehsan Hajiramezanali, Lindsay Edwards

Respiratory and Immunology, R&D, AstraZeneca
{talip.ucar, ehsan.hajiramezanali, lindsay.edwards}@astrazeneca.com

HIOIEE ¥=(encode), S&(decode)stH
Moz §

clot= MM E2 ot5

A\
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Binning as a Pretext Task

< BIN?

Google

o|o|x|

ﬂ Recycling i ! Meaning . Stainless steel Recycle [] lkea G Garbage bin clipart

ﬂ ] | .

& Amazon Ut av eclie Bin Warel
WHEELIE BIN - Gr.. RS PRO ”SOL brev th F’olvethvlene Blue 240 Litre Whe Pink Wheelie Bin - RH PRO | RS PRO 2.

A\
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- Binning as a Pretext Task

% BIN? Binning?

——
u Grovpinto | |

Numerical Data

ALY HLEE EHPIIOZ LU HEHA(Nominal), =& (Ordinal) H4== Discretization
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- Binning as a Pretext Task

% BIN? Binning?

——
u Grovpinto | |

Numerical Data

'
i
02
&
1>
i
Jm
0
iy
:

C =2 LI+ HEH(Nominal), =4 (Ordinal) H4=2 Discretization
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- Binning as a Pretext Task

% BIN? Binning?

BER

- Equal Frequency
U Binning
\

—_ neg-
Group into I
0 5

Numerical Data Equal Width
Binning
ALY HLEE EHPINOZ L0 HESA(Nominal), =& (Ordinal) H4== Discretization
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- Binning as a Pretext Task

% BIN? Binning?

514

- Equal Frequency
u Binning
\

J
—_ neg-
Group into I
0 5

Numerical Data Equal Width
Binning
ALY HLEE EHPINOZ L0 HESA(Nominal), =& (Ordinal) H4== Discretization
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- Binning as a Pretext Task

% BIN? Binning?

514

- Equal .Fre.quency
U k s Simplify Data
Capturing Irregular function

U - ﬂ Robust to the minor error
Group into R
0O 5 10 15

Numerical Data Equal Width
Binning
AL HLE EHPZIOZE L0 HES(Nominal), =& (Ordinal) H4=Z Discretization
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- Binning as a Pretext Task

Binning as a Pretext Task for Tabular SSL

Unlabeled
Original Data
v f Bin indices as ordinal values
Unlabeled fe d (Reg;essmn)
B/nned Data 'C'BinRecon = lr Z th - falf;inRecon(/‘.'i)Hz
N i=1 — Xb
X, Corrupted Reconstruted Bakecon . 7 ¢ In
bin . - n ~ where fJ 1 Z — Xiin
Mask M binned datax; | T g BIN Data x;
Generator EEEE @ > é Z 3 > Bin indices as nominal classes
@ A (Classification)
1 Al j inXent [ ,J
Latent ﬁBinXenL = _m ZIZ_;U“: lt)g fL}? X (Zf) «— Xbln
1 Representation 1 -
Backpropagation
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- Binning as a Pretext Task

Binning as a Pretext Task for Tabular SSL

/ Unlabelem’

Original Data
v f Bin indices as ordinal values
Unlabeled fe d (Regression)
- N
Binned Data \ . % 3 [ - s | .
1 Xpir orrupted Reconstruted where £59. 7 s Ry | bin
binhed datax; | T o) BIN Data x;
Mask M i |32 g | o .
Generator > @ > S Z 3 > Bin indices as nominal classes
\ / @ A (Classification)
1 Al j inXent [ ,J
Latent ﬁBinXenL = _m ZIZ_;U“: lt)g fL}? X (Zf) «— Xbln
Input Transform 1 Representation 1 —
Backpropagation
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- Binning as a Pretext Task

% Input Transform
1) Binning
Equal Frequency Binning (Percentile) 7| BIN 7i4= (T, Parameter)2 =2t CHA|

F1 1 F2] .. | F4 F1 1 F2] .. | F4
0.07/0.87| .. [0.00] T=o | 1
0.77[0.17| .. [030] — | 2
2
1

0.58/0.11| .. ]0.33
0.10/0.25| .. 0.95

2) Mask

Original feature matrix (X))

i | Fz | il | 1

2
1
1
2

Original feature matrix { X')

A1 %2 | M3 | He

X1 | Xz | Xa3 | X4 . A1 | *x | ¥z | K -
= || =m | | o Corrupted featﬁ matrix ( X) MO “ n Ccrrupteq featﬁ matrix { X )
Xy | Xay | Faz | Xag X X | G| % Xy | Xgp | Xz | Xyg ) n _l Ti1 [ %z [ K3 Tia
%51 | X5z | X3 | Xsq G |G| ¥ % o1 | A5z | sz | Ksa 0 F21 [ a3 | K| ¥
+ — |41 |G | X C, — | Fa1| X ¥33| X
GG |G| G C | X | G| X4 }ﬂiﬂﬂ X1 | X | %23 | Xag
G GGG Xg1 | x5y | Gy | sy T [ | Hi3 | S Ts) | X5y | Kaz | Xy
ClG|G |G | %51 | %22 | %53 | K| D
C |G |G| C K1 | K32 | Ka3 | Ksy
G| G| G |G |-‘41 X1z | Xa3 | X
Replacing Matrix Mask matrix ( M) Replacing Matrix Mask matrix ( M )
(Xeun.) (Xrandom )
(a) Replacing value = Constant (b) Replacing value = Random
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- Binning as a Pretext Task

Binning as a Pretext Task for Tabular SSL

Unlabeled
Original Data
v f Bin indices as ordinal values
Unlabeled fe d Rogrossion
B//med Data \ LBinRecon := J\%Z Hfz - falfginRemn(Zi)Hz . X,
X, . Corrupted Reconstruted T e, o bin
bin . — o ~ where f; : Z — Xgin/
Mask M binned data x; | O g BIN Data x;
Generator EEEE @ > é Z 3 > Bin indices as nominal classes
@ A (Classification)
N d
f MLP Latent MLP LRinXent := —% ZZU;' log fBnXent(J) kg Xbin
FT-Transformer Reprosontation i
T2G Former 1 1
Backpropagation
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- Binning as a Pretext Task

H| I 9HHE /IME, NIPS 2020 )

Backpropagation

o/

recon
d

o}
§ Reconstruted
(D]
a

Unlabeled e : o
Original Data \ BIN Data ¥
1 Corrupted - N T T
Mask M binned data x; | T ValueRecon -= N 2i=1 |I¥i = Ja \Zi)[I2
Generator 8 E—
Latent / - — :
Representation Litasicxent = — 5 iy malog fI%(2;) + (1 — my) log (1 — f37%(z;))
a —_
§ Recovered
» —p P
§ Mask M
fmask
d \

Backpropagation
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- Result

I —
w HHHENESS| Object H|W A
(b) Multiclass classification (Metric: Accuracy)
Masking Replacing value SSL Objective(s) cCo oT GE VO WQ AL HE  MNIST p-MNIST Average Rank
FALSE - ValueRecon 0769 0776 0527 0619 0568 0931 0353 0.965 0.928 6.333
TRUE Const. MaskXent 0.784 0777 0518 0545 0547 0909 0341 0.793 0.554 9.333
TRUE Const. ValueRecon 0.783 0.791 0557 0622 0586 0931 0354 0966 0.925 4.111
TRUE Const. MaskXent+ValueRecon 0.750 0.774 0519 0610 0571 0931 0360 0941 0.907 7.444
TRUE Random MaskXent 0.763 0.791 0555 0549 0544 0925 0336 0.945 0.817 8.000
TRUE Random ValueRecon 0761 0782 0538 0625 0573 0930 0357 095 0.934 5.556
TRUE Random MaskXent+ValueRecon 0.769 0.779 0.521 0564 0519 0925 0353 0.945 0.906 8333
FALSE - BinXent 0.742 0981 0517 0600 0565 0903 0354 0956 0.908 8333
FALSE - BinRecon 0.784 0783 0544 0625 0592 0935 0357 0964 0.950 3.556
TRUE Const. BinRecon 0.812 0.792 0.559 0.647 0581 0943 0359 0974 0.964 2,222
TRUE Random BinRecon 0.514 0.794  0.580 0.655 0574 0949 0.365 09581 0.971 1.333
(c) Regression (Metric: RMSE)
Masking Replacing value SSL Objective(s) CA HO FI MI Kl CPU DIA EL  Awerage Rank
FALSE - WValueRecon 0749 4241 13900720 0784 0.163 3876 1016641 0399 8.625
TRUE Const. MaskXent 0709 4548 13473750 0788 0.185 4475 1259744 039 8.875
TRUE Const. WalueRecon 0693 4086 13518683 0778 0160 3728 052444 0394 5.000
TRUE Const. MaskXent+ValueRecon 0.700  4.157 13915875 0775 0.174 5644 2797.034 0398 8750
TRUE Random MaskXent 0.677 4297 13826641 0782 0176 3951 1358135 0388 7.875
TRUE Random WValueRecon 0713 4127 13668988 0777 0.162 3760 986306 0396 6.500
TRUE Random MaskXent+ValueRecon 0.701 4136 14107.645 0780 0.1e6 4500 1917.875 0.397 8.750
FALSE - BinXent 0.690 4116 13038762 0776 0170 3717 1207923 0383 4.875
FALSE - BinRecon 0622 3766 13453309 0767 0.158 3208 897645 0370 2.250
TRUE Const. BinRecon 0634 3765 13208133 0773 0158 3156 957,801 0371 2.375
TRUE Random BinRecon 0.619 3703 13075474 0773 0160 3183  B70.283  0.368 1.625
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B Result

Tree 22 3 Deep Learning Method 2+2| H|

N

Data Mining
Quality Analytics

. Binary classification Multiclass classification Regression
Training network and method
HIt+ PHYT 051 POT COT GET VOt ALt HET MNISTT CA] HO| FI |
Tree-based machine learning algorithms
XGRBoost 0726 0.721 0840 0711 0969 0683 0699 0924 (0.348 0.977 0434 3152 10372778
CatBoost 0727 0728 0833 0897 0967 0692 0711 0948 0.386 0.979 0430 3093 10636322
Deep learning methods

MLP 0714 0724 08% 0901 0968 0659 0692 0960 0.378 0.983 0513 3146 10086.080
ResNet D688 0728 0885 0795 0729 0484 0550 0220 0229 0.826 0706 4004 10226508
TabNet (Arik & Pfister, 2021; Gorishniy et al., 2021}  0.719 - - - 0,957 0587 0568 0954 0378 0.968 0510 - -
NODE (Popov et al., 2019; Gorishniy et al., 2021) 0.726 - - - 0.958 - - 0918 0.359 - 0.464 - -
DCN V2 (Wang et al.. 2021; Gorishniy et al_, 2021} 0.723 - - - 0.965 - - 0.955 0.385 - 0.484 - -
SCARF (Bahri et al., 2021) 0.585 0710 0878 0838 0654 0325 0289 0731 0.050 0.801 1.08B4 5595 13632.255
SAINT (Somepalli et al.. 2021) 0.713 0728 0886 0877 0943 0691 0713 0932 0378 0.981 0581 6186 19366582
FT-Transformer (Gorishniy et al., 2021) 0.729 0724 0882 0890 0970 0664 0705 0960 0391 0.966 0487 3319 10206.127
PLR (MLP-Ensemble) (Gorishniy et al., 2022) 0.734 - - - 0970 0674 - - - 0467 3050 -
PLR (FT-T-Ensemble) (Gorishniy et al., 2022) 0.734 - - - 0.972 0.646 - - . - D464 3162 -
T2G-Former (Yan et al.. 2023) 0.734 0746 08584 0881 098 0656 0717 0964 0391 0.985 0455 3138 10750.850
55L(MaskXent)+Fine-tuning 0.725 0751 0892 0897 0970 0698 0717 0963 (0.383 0.985 0479 3086 10204559
55L(ValueRecon)+Fine-tuning 0719 0731 0894 0899 0969 0690 0712 0963 0.381 0.984 0478 3119 10333400
S5L{MaskXent+ValueRecon +Fine-tuning 0727 0737 0894 089 0968 0658 0709 0959 (0.382 0.984 0475 3257 10708.780
Ours - S3L{BinRecon)+Fine-tuning 0.737 0764 0897 0904 0971 0720 0.728 0966 0.388 0.986 D464 2989 9757950
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