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I Introduction

+ Tabular Data
Lot Z00IN ArEEl= 7P YH PRI L0 |H £
HI0|E ZQIEE LIER= Rowlt 40 |LE HE LIER K= Column = 1
&S M0 |11 ZRHAOI #IAO 2 ShdsiH 2 H|0]E 210 Z0|

Columns
Attributes for those observations
Superhero Real Name Power Level Home Planet Weapon
Spider-Man Peter Parker 85 Earth Web-shooters
Rows
Observations Iron Man Tony Stark 33 Earth Powered Armor
Hulk Bruce Banner 0 Farth Super Strength
_ Thor Thor Odinson 9 Asgard Mjolnir
Tabular Data
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s Why is it hard to model deep leaming methods to tabular data?
© MY OO 2AM2 F2 E2| 7|0t DRS0| U DHS0| ARE
A H0[E0IN = HIES HIO[EUIM Z2 4SS HO = deep leaming 0| Hloh 0f&is| HSH &74| 7 [Hio| WHZS0| 2A|
*  Deep leaming2 Input H|0|E12] locality & spatial dependency 0f] =610 &
— Tabular data M= {12 SE=S 124617 | 0242

...Pa !... Stperher RealName Porerleel  HomePlanet Weapon MermberSince
oY [ ;?
L | | |
E " 'wHEE

ar lronVan Tony Stark & Eath Powered Amnor 1963
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I Introduction

s Why is it hard to model deep leaming methods to tabular data?
*  Heterogeneous features : 71 H=7 H 4EHA TIPS
*  Small sample size: k50| £55H 22 AJ0|Z2| L|O|E]

o  Bxtremevalue: Z=X| #HFS HE outlier S HI0|E{2] 20| stable 5HX| 42

Superhero Real Name Power Level Home Planet Weapon Member Since
Spider-Man Peter Parker 85 Web-shooters 1962
Iron Man 8 Earth Powered Armor 1963
80 Rows Hulk Bruce Banner 0 Earth Super Strength 1962
Thor Thor Odinson 95 Asgard Mjolnir
Black Widow Natasha Romanoff Earth Combat Skills 1964
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I Introduction

s Why is it hard to model deep leaming methods to tabular data?

If/Semi-Supervised Learning for
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“ Self-Supervised Leaming for Tabular Data

*  Unlabeled GO0 Chigt Ed

- HL_O

*  Tabular G[O[E{0lIA] HA

Self-Supervised Leaming
for Tabular Data
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Predictive Leaming

Contrastive Leaming

Hybrid Leaming

0| SCH=I0)| [C}2} Self-supervised Leaming(SSL)2| 2 Q-AMu}
« 7[ESSL2 text,image, audio S LIS =HIQI0fAC]

SR 53

28715

m_(%ll
2
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Vime, TabNet,
STUNT, Switchlab

SCARF, STab,
TransTab, PTaRL
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I Predictive Learning

% Predictive Leaming Approach
© 71 EA A= EE YA E, downstream O 0| predictive task £
+ 0| Z0% predictive taskS 23451H L0 [E{ZEE] HEHIE] 3k
* Upstream Cl|0|E{2t downstream HI0|E12| ZHAIE 1124010 2121 predictive task 11210| S
v" Leaming from masked features & perturbation in latent space

Predictive Task Trained (Classifier

Eyes Predictions
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% VIME: Extending the Success of Self- and Semi-supervised Leaming to Tabular Domain
*  Masked AutoencoderE 7 |21Q 2 Ti|0[E{Q] FA1R| OAZLS =~1olH & =[Xs}
*  Mask vector estimator : masked S A4
»  Feature vector estimator : 2t21E non-masked S49 2 2E masked £4 £
*  Reconstruction loss & masked vector estimation loss £ Sof| H3HIE] Sk

Back-propagation
dUlnIult}T:l;d} o |
dlasc H .
: “ i Feature vector estimator (s,) E
i P A
Fa "y
Feature X + I e e
Encoder (E} % econsimnciion X
Feature Recovered | loss [fr} |
Pretext representation ;_"“"'“'L" _________ 7 Feature
Mask N eature
¢ m generator X z
encralor ¥ 1
g Mask (Gum) Corrupted Mask vector estimator (S,,)
feature LAEaEEaEmaEmaEE LB -
|
! Mask vector
M~ stimation loss ( m
eslimation 1oss
Recovered | = ss ( m})l Mask

mask ____.r__.__

Back-propagation

Q.. Daota Minirg
ob Quallity Analytics




I Predictive Learning

STUNT: Few-shot Tabular Leaming with Self-generated Tasks from Unlabeled Tables (ICLR, 2023)
»  Tabular HI0[E{2] heterogeneous features Ol Yt iet 7 ISot E45 shigolV | flol self-generated tasks HIEfeS £1o4
e HO| column ENE RE5HargetO = £[3510] unlabeled tabular HIO [E{Z5E] CIFSt set of tasks A4A

OII
=]

STUNT: FEW-SHOT TABULAR LEARNING WITH
SELF-GENERATED TASKS FROM UNLABELED TABLES

Jaehyun Nam' Jihoon Tack! Kyungmin Lee! Hankook Lee’* Jinwoo Shin'
'Korea Advanced Institute of Science and Technology (KAIST) *LG Al Research
{jaehyun.nam, jihoontack, kyungmnlee, jinwoos}Bkaist.ac.kr
hankook.leeflgresearch.ai

ABSTRACT

Learning with few labeled tabular samples is often an essential requirement for in-
dustrial machine learning applications as varieties of tabular data suffer from high
annotation costs or have difficulties in collecting new samples for novel tasks.
Despite the utter importance, such a problem is quite under-explored in the field
of tabular learning, and existing few-shot learning schemes from other domains
are not straightforward to apply, mainly due to the heterogeneous characteris-
tics of tabular data. In this paper, we propose a simple yet effective framework
for few-shot semi-supervised tabular learning, coined Self-generated Tasks from
UNlabeled Tables (STUNT). Our key idea is to self-generate diverse few-shot
tasks by treating randomly chosen columns as a target label. We then employ
a meta-learning scheme to learn generalizable knowledge with the constructed
tasks. Moreover, we introduce an unsupervised validation scheme for hyperpa-
rameter search (and early stopping) by generating a pseudo-validation set using
STUNT from unlabeled data. Our experimental results demonstrate that our sim-
ple framework brings significant performance gain under various tabular few-shot
learning benc hmarkﬂ comparcd to prlcl semi- and qelf—aupcr\u ised baselines. Code
is available at https://github.com/ ] yun513/5TUNT.
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% STUNT: Self-generated Tasks from Unlabeled Tables
Step 1: Unlabeled tabular |0 [E{01A] CHSH x| Kix| A
Step 2: 4! X0 CHol HERSRS ~38S Soll YRIelE 2871 f o5

Step 3: Labeled H0|HE AFE0IH 2771 f HS

Q.. Daota Mining
ob Quallity Analytics



I Predictive Learning

% Step 1: Task generation from unlabeled tables
«  ZERO|Z MEHE columnsOf| CHAH k-mean clusteringS SaH pseudo-label At
- CIAES SAP AL 22 labelitE2 ERAIE 7HK = column = sampling & 758 S7t
«  Uniform distribution U(;, %) A masking HIE p 2422
—Random binary maskm = [my,my, ..., mg]" € {0,1}¢ A4

N 4
— Generated task from STUNT zgpynr = {xui, yu,i}izl
X X y
........ QO
I P U =l=u i @ - -
| —— — | —— —_ - - T O :.‘. —_— — - — -
“1=1———| ) :_...D _____ j... |||
o """"" o o " S D DN DN N B
o |- o SN D DN DN N B
Select random columns Run k-means clustering Self-generated task
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Predictive Learning

% Step 2: Meta-leaming with STUNT
o AMMEZ|tackE HIEIOZ ProtoNet2 E2510] HIERIF 9| HEISKS HIRt
» ProtoNet2 Z} class ME2| Et embedding vector 7EX|2| 72| ARMS Sal| 2RE 318t 2 QL= embedding space Sks
v" (Class number flexibility, model and data agnosticism, simplicity with superior performance

ProtoNet
Embedding space + k-means for meta-leaming 1 5
pe=m ) zp(%)
|S€| (Xw,Yu)ESe
. exp(—Il zo(x) —pe Il2)
foy = ¢lx; ) = -

Yeexp(—Il zg — pg )
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Predictive Learning

* Experiments
*  Few-shot classification = $IolHf 2t class 22 17H, 57H2] labeled samples 7t 7} S0t = A
kNN2} unsupervised meta-leaming EHHS XIR[S 1 1007H2] =7} labeled samples AR50 hyperparameter EXAH
*  Labeled validation set 10| few-shot tabular 25 As= 3 St

1 Shot Performance Bvaluation 5 Shot Performance Evaluation

Type Method | Wal. | income  cme karhunen  optdigic diabetes semeion pixel dna Avg.
# shot = 1 # shot = 5
CatBoost S | STDD 3460 5567 6132 6002 4321 5906 4135 | 5206 CarBoost 7 | 5451 975 B238 8405 6575  6B.69 449 6346 | 6914
5 MLP v 6052 3506 4867 6102 5725 4088 5562 4439 | 5043 MLP v | 6625 3740 7756 8330 6432 6625 BIOT7T 5973 6710
up- LR o 5064 3508 55.05 6519 57.61 42.90 3971 4428 | 5243 Sup. LR v 6653 37.15 21.02 8622 64.19 &71.87 85.02 SRER | 6336
kNN - 61.22 3499 54.42 6558 58.56 4435 6l.48 4267 | 52.82 kNN - 70.49 38354 7998 %4 80 (7.32 6833 BL02 6145 | 6938
Mean Teacher v ale3 3558 54.57 fata 10 58.05 43.56 6l.02 4658 | 53.26 Mean Teacher 1-' 6705 37.73 BLOR E6.66 63.45 69.67  B5.24  6l47 | 6929
ICT 1-’ 6183 36.53 58.37 G912 58.08 43 48 6l.BE 4655 | 5436 ICT + 7013 35.09 B4.58 #7.01 65.47 70.26 86,12 6337 | TORS
Semi-sup. Pseudo-Label v 6052 3497 49.44 150 57.03 41.42 56,12 4426 | 50.66 Semi-sup. Pseudo-Label v’ 66.26 3749 TR.60 83171 6446 6749  H294 6006 | 6763
MPL v 6085 3513 47.66 al.52 57.39 4182 5601 4422 | 50.58 MPL v 6761 3747 TIES 8370 64.51 67.08  B239 5965 6153
VIME-Semi " S640 3297 57.40 f6.85 5% 16 4043 5286 3918 | S0.53 VIME-Semi + 6513 37.32 B.53 8713 6539 6 B0 8283 5208 6690
SubTab + Fine-tune | + | 5974 3565 4111 4988 5035 3049 4223 4086 | 4491 SubTab + Fine-tune | | 6601 37.60 6780 7340 6668 5646 7534 5561 ) 6162
SubTab + LR v | 6LES 3568 5032 6705 5806 4027 6040 4568 5242 SubTub + LR v | D12 3767 B2 8607 6492 6134 BLI14 3B50 | 66.BD
Selfs SubTab + KNN - | BLSE 3587 4874 6605 5922 3999 6130 4416 | 5236 Self-sup. SUliTaD + ENN L[ DA sl gse Bien s 5987 B0I3 6157 | 6687
elf-sup. VIME + Fine-ume | + | 60.50 3498 4750 6131 5723 4109 5379 4430 | 50.09 VIME + Fine-mne |« | 6397 3725 y742 8313 6440 0363 ELD1 3934 | 666D
. = i - i VIME + LR 1-’ 67.80  37.51 B2.87 8742 6429 T1.53 8679 6962 0 TO9R
VIME + LR v 6199 3530 59.62 T0.52 56.95 47.20 6417 5136 | 5589 VIME + kNN ) 7216 3008 7915 2386 66,04 G845 =407 TLO00 | 063
VIME + kNN - 6216 3555 58.56 fae.31 58.35 46.99 6d62 5029 | 5578 - i C . . _ ’ i -
- UMTRA - 6578 38.05 67.28 7329 64.41 35.90 51.32 2508 | 5264
UMTRA - | 5723 3546 4905 4987 5764 2633 3426 2513 | 4187 o vgers, SES " | 8827 1901 7180 7846 6661  S274 7480 5225 | 637
L’lnup.-NIrtn. SES - 56,39 3450 4419 5630 59.93 33.73 4919 3954 —'_1?.3? nsup.-lvleta. CACTUs _ 72.03 35.81 82 20) 4592 6679 65.00 8525 ®L52 7219
CACTUs - 602 36.10 65.59 T1.98 5892 48.96 67.61 63593 | 5989 STUNT {Ours) _ 7360 40.40 85.45 88.42 69,88 73.02 8008 TO.18  T4TT

STUNT {Ours) - 6352 3710 7120 76.94 61.08 55.491 7905 66.20 6358
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I Predictive Learning

Experiments
«  10shot =M= dsHS
*  Pseudo-validation acc 2t 1-shot test acc 7 Q2| MEFRUAIS 71EIS
o OPNGHEH| 2o & CISHH[O[E{AIONN ZPMO| S5 HAIS & 4= Gl AEitiME RHIC| 2V | SHAES eiEiMo= ZH VIS

=

10 Shot Performance Bvaluation
= ineome =372 eme " Method \ Dataset | income cmc  karhunen optdigit ~diabetes semeion  pixel dna | Avg.
& ) o .0 &
8 o JUUDR INUROU SRS DL b 3 36.0 cqentttt kNN 7427  41.07 85.63 87.44 71.32 7464 8752 7115 | 74.13
B e e 7 ICT 7156 3800 8825  90.84  67.63 7467  89.13 69.55 | 73.70
2 : & 366 et VIME + LR 69.17 37.92  86.63 89.63 66.56 77.66 8871 74.73 | 73.88
g @ 2 363 @ CACTUs 73.63 4214 8548 87.92 7075 6822 8721 84.40 | 74.97
5 5 A I
730 795 800 805 810 815 820 855 830 74 74 75 76 77 78 79 80 STUNT (Ours) | 74.08  42.01 86.95 89.91 72.82 74.74 89.90 80.96 | 76.42
Pseudo-validation acc (%) Pseudo-validation acc (%) . . . .
. cemeion oixel Earty stopping performance with the pseudo-validation set
8 56.2 P 2 78. e Icome cme semeion pixel
7 54 ottt 2 g 1 R g Problem  Last Early Last [Early Last Early Last Early
3 e 5 721 L e L _
R 7 ol > I-shot ~ 61.58 63.52 3694 37.10 5194 5591 7492 79.05
615 620 625 630 635 640 645 650 750 765 780 795 810 825 840 5-shot 7084 72.69 40.43 40.40 71.55 73.02 87.60 89.08
Pseudo-validation acc (%) Pseudo-validation acc (%)
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B Contrastive Learning

* Contrastive Leaming Approach
«  Z=2input 0] CHolM CHE views, comuptions £ £l robust HESHHIE
«  FALetinstance 12| FAMIS SLlafolil FAGHEK| 242 instanc

*  Leontrastive = Ple(x),e(%))

e(x;)
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B Contrastive Learning

s SCARF: Self-Supervised Contrastive Leaming using Random Feature Corruption
*  MLP7[2Hramework=, contrastive leaming pre-training & supervised fine-tuning 5= &tAH|= 724
« O inputO]| Chiol] FAI9| RERRITIE &5 ofd E452| FH EH0|IM FAI2] view = CHA|

*  InfoNCE loss function2 &25610] sample 2} = sample 2] HES 77IIK|IEE, CIE sample 2| SR HOX |2 CHERSES RIsH

Unsupervised SCARF Pre-training

Maximize
Similarity

Pre-training
Encoder f head g
(shared (shared
weights) weights)

1\

Input Unchanged

Sample half
the indices to
corrupt.

Corrupt by drawing
from the resp.
feature’s marginal.

Ilill
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% TransTab: Leaming Transferable Tabular Transformers Across Tables (NeurlPS, 2022)
»  Transfer leaming, feature incremental leaming, zero~shot inference £ {5t CIQFSH Ho| HtS SESSI=H| 21
*  Transferable Transformers for Tabular analysis (TransTab) = =610 1= H|O|S 71XE 215foh=HIHE Kot

TransTab: Learning Transferable Tabular
Transformers Across Tables

Zifeng Wang' and Jimeng Sun'-
L Department of Computer Science, University of Wlinois Urbana-Champaign
2 Carle llinois College of Medicine, University of Ilinois Urbana-Champaign
{zifengu?, jimeng}@illinois.edu

Abstract

Tabular data {or tables) are the most widely used data format in machine learn-
ing {ML}). However, ML models often assume the table structure keeps fixed in
training and testing. Before ML modeling, heavy data cleaning is required to
merge disparate tables with different columns. This preprocessing oflen incurs
significant data waste (e.g., removing unmatched columns and samples). How o
learn ML models from multiple tables with partially overlapping columns? How Lo
incrementally update ML models as more columns become available over time?
Can we leverage model pretraining on multiple distinet tables? How to train an ML
model which can predict on an unseen table?
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N

% Key Components of TransTab

Daota Mining
Quallity Analytics

Input processor : tabular inputS: token-level embedding Het

Gated transformer : ABHE| gated transfomer 52 &

Leaming module : labeled IO |E{0| CHS! classifier@t contrastive leamingS 2/t projector

cat | bin | num
Xe Xp Xy

categorical

binary | bin |

|
|
|
|
Input table |
|
|
]
|
|

| Element-wise
© multiply

I add

|
|
I |
| €& Element-wise I
|
I® Concatenate :

-- tokenize &
embedding

tokenize & nbl | | | | | Norm &
Align

Embeddlng

Input processor

Stoken-level embedding®|

cat. token emb E,

bin. token emb E,,

I
Align | Multi-head attention

FHeI3

Gated transformer
x L blocks

i nY

?

I
|
|
|
|
I
|
Linear layer l
|
|
|
|
I
|
|
|

I
I
I
|
I
|
I
|
I
|
I
|
I
—

d o)
o tokenize &~ TP [TTTT] Norma
embedding LITTTT  aign Linear laver
'x_| num. token emb E,, y
numerical ——2— d Norm €
nrrr— . Y __
[CLS] emb. el
——————————————————————— Learning - ——————— — — — ] —— — — —— ——— 4,
|
|
[cis] :
z <Y1 Supervised I
. 1
d d Classifier glewsl learning |
n — [T TT13— 2 |
[CLS] emb. Zlets] I
Y
slel 1s - i
- z[lrr sl ., z[c 1 contrastive [ self supervised L
rojector |—= . o~ ]
) Z[lﬂs} [36151 learning Supervised :
encoded Zt - - |
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** Input Processor for Columns and Cells
*  Variable-column tables 8 & H|0[E{ Zt X|A RXIE Lol input processor 7=
*  Zrcolumn®| cell CIOIE)S SDI2M O = QIT T E EZO| ARAS Hat
« ) Weight' column?| Z< 2/0| 602!, 60 years old” t OR-! 60kg 20|
— HO0|E2 DA 3N P = 47 K| B categorical/ text (cat) & binary (bin) & numerical X2

S Input processor .— — __ ____ _ _ .
. |
| categorical = tokenize & Nom &_ e, [
| Xe "embedding Align |
| cat. token emb E, |
Input table | d |
I . n - I
cat | bin [num]| | . : ~_tokenize & °b Norm & |
- = x | bmaryh bin embedding Align I
b -
£ 4 I bin. token emb E, I
|———————— - | d I
Element-wise | | . |
| : | tokenize & . b Norm & |
| multlply num —— (- - -
| embedding \f/ Align I
| @ Element-wise | | 442 num. token emb E, |
| add I : numerical —= d :
| IIITF——
: I [CLS] emb_ elcis] I

| ® Concatenate
[
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% Gated Transformers
Self-attention layer & feedforward layer= 7X44El NLPQ| classical transformer X1&

_— =3 ° ° l J— - J—
«  Features 71| AISEIR EFMS OI5H [t input representation Z; THA] AEH Ztyr = MuttiHeadAtin(Z') = [heady, head, ..., head,]W°,
o 7™ =token-wise gating layer0f| 2loll F712 Het 7, 2 7| 2l linear output HE head; = Attention(Z'W,ZW*,Z'W}Y),
+ TokenOi| Lif5 attention X2HHEIO 2 ZQ35H featuresdl] SIS Sk 2% = Linear(( g ©ee) @Linear( Zee,))
- Input processor .— — —_—_ ___ _ 1 op————- Gated transformer ———— —,
x L blocks
I categorical tokenize & Norm & I I I
| cat | x¢ embedding Align ® [ [ Multi-head attention ] |
| cat. token emb E, | | |
Input table : d [ X |
a . i I I J I
cat | bin | num , : ~_tokenize & ™Mb Norm &
< b L I bin. token emb Ej I I Linear layer |
|
———————— - | |
| |
| ~ Element-wise : I cokenize & n, d N I I CP -0 I
. ) orm |
I multiply | num embedding \T/ Align |1 djL, |
. inear layer
| @ Element-wise | | 4@ num. token emb E, |1 |
| add I : numerical —= d : : Norm E I
| X I (.
& [CLS] emb. elets] I

| ® Concatenate
[
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% Self-supervised and supervised pretraining of TransTab
o CHEEO| tabular SSLEEHES 1= column MAIOIA ZRES010] =2 A HHIE & 1G9
TransTabUA= view-invariant factorsE a0l | $loll tabular 21 =2t ARZo 0] positive, negative samples 7+
«  ColumnsC| S2EISHS MEHSIH SISHsample?| partitionS positive, CHE: sample?| partition=S negative £ A4

Self-supervised .
—————— Vertical-Partition = —————1 Loss functionof Self-VPCL

Contrastive Learning Negative

! |
Input samples w/ | Anchor | B K K /
I
— labels — | [t _ coll] | A = — Iog @qatp(v{‘,vlk )
| | Al /N B B B vK T
columns label I s : e )
I I E:> | [ ) l =1 k=1 k'#k 2]=1 Zk’r=1 e><p1/;(vlk,v]k )
| | A1 | A2 1 I I Positive I
| | [coi2 N~
| | - I - _
| | [ A2 ! APHSRSH[0 [E0]] labeled 7 H A= AP MBS =
I columns label I | = |
| B1 B2 1 re Supervised Vertical- _ ; M@mm IIOII'IPI-
I I | Partition Contrastive ) [ |~ T~ Learning ——————————— |——————————‘i
| | I Anchor Learning NEQ?:'VE I ! o |
| » co . 2 < y1 Supenised I
I columns label | | : colt = B | I d d Classifier | —» [1C!5] 1 repaer:?:ge |
o Je2fed] o] LT N e A |
| | N I I [CLS] emb. zl¢%s] |
| | I Positive /\ y I I lets] _, slets] Self. ised :
r ! | col2 ~ —_ | I Broiector | —= Z) T o2, Contra_stive eli-supervise |
I B1 | I —— g 2[1d5] o Egdsl learning || g nervised I
| | | encode |
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J  MambaTab

< MambaTlab: A Simple Yet Effective Approach for Handling Tabular Data (arXiv, 2024)
«  TX35)E state-space model (SSM)E 7 [#IC 2 tabular i[O [E{0f] AglsH HiH= KR
o Table2| end-to-end X|=8k5 HIAI01 SSM E'HO| 301 Mamba &

MambaTab: A Simple Yet Effective Approach for Handling Tabular Data

Md Atik Ahamed!, Qiang Cheng'?*

'Department of Computer Science, University of Kentucky, Lexington, KY, USA
Hnstitute for Biomedical Informatics, University of Kentucky, Lexington, KY, USA

{atikahamed, giang.cheng } @uky.edu

N
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Abstract

Tabular data remains ubiquitous across domains de-
spite growing use of images and texts for machine
learning. While deep learning models like convo-
lutional neural networks and transformers achieve
strong performance on tabular data, they require ex-
tensive data preprocessing, tuning, and resources,
limiting accessibility and scalability. This work de-
velops an innovative approach based on a structured
state-space model (SSM), MambaTab, for tabular
data. SSMs have strong capabilities for efficiently
extracting effective representations from data with
long-range dependencies. MambaTab leverages
Mamba, an emerging SSM variant, for end-to-end
supervised learning on tables. Compared to state-
of-the-art baselines, MambaTab delivers superior
performance while requiring significantly fewer pa-
rameters and minimal preprocessing, as empirically
validated on diverse benchmark datasets. Mam-
baTab’s efficiency, scalability, generalizability, and
predictive gains signify it as a lightweight, “out-
of-the-box™ solution for diverse tabular data with
promise for enabling wider practical applications.

models for tabular data, thereby impeding their wider applica-
tion. Moreover, almost all existing tabular learning methods,
except TransTab [Wang and Sun, 2022], operate under vanilla
supervised learning, requiring identical train and test table
structures. They are not well-suited for feature incremental
learning where features are sequentially added:; under such
a setting, they have to either drop new features or old data,
leading to insufficient use of training data. It is desirable to
have the ability to continuously learn from new features.

To address these challenges, we introduce a new approach
for tabular data based on structured state-space models (SSMs)
[Gu er al., 2021b] [Gu er al., 2021al [Fu er al., 2022]. These
models can be interpreted as a combination of CNNs and
recursive neural networks, having advantages of both types
of models. They offer parameter efficiency, scalability, and
strong capabilities for learning representations from varied
data, particularly for sequential data with long-range depen-
dencies. To tap into these potential advantages, we leverage
SSMs as an alternative to CNNs or Transformers for modeling
tabular data.

Specifically, we leverage Mamba [Gu and Dao, 2023], an
emerging SSM variant, as a critical building block to build
a new supervised model for tabular data called MambaTab.
This proposed model has several key advantages over exist-




J  MambaTab

s+ MambaTlab: A Simple Yet Effective Approach for Handling Tabular Data
*  Data preprocessing & Embedding representation leaming
»  (Cascading Mamba blocks
Qutput prediction

EEL
| Sample Dataset . S o i i "..l
v, ! '
Target #1 ' -
fii i f3 fa e ' 5 < : s | B
Ul‘ E -ﬁ . . N ] =
i2 g i ' 8 | B
vl Viz T3 Vig Uln W1 = E _ Linear ‘g _ = . Linear | =
. Ufa g > E _}ER}"_:__’ Projection —* 3 _"CS)* ? _@/'_} Projection | , g —> Output
Va1 Uz Usa  Uag Van Y2 e E z ' E S
: 7 ' - | Sy
E ' & A ! |2
i N [+
: i
T S ! 1
Um,a1 Vm2 Um3d Umgd Um,n . )
1 > Linear §\ !
' Projection =/ !
] ]

"\... ------------------------------------------------- -.l‘”
Mamba
Ving iz Uiz Uiy Uin
(R) RelU activati (8) SiLU activati () Nonlinearitv (multinlicati
\i) RelU activation =) activation \«t) Nonlinearity (multiplication)

CatBin

Q.. Daota Mining
ob Quallity Analytics



J  MambaTab

% Data preprocessing & Embedding representation leaming
*  Translabdt E2| column®| RS =32 = AE6K| 211 H[O B TAE| LFE 2 Hhet & AtS2}
- EF feature| =ME ZRlloh= CH, feature@| ZREAR1 multi-dimensional features ShiEgtR =M I 7ot
* Incremental leaming= Soli o5 Mamba block0| sUot QIE EM X2 AE B
v TS feature set0l| Lo 0N | 040 ZRIKIOR 27 el S 42 81551017 SAIS XY

Ol
i)
N
olr

| Sample Dataset | I B bk Existing Works - - - -----+ . emmmmee- MambaTab ------== .

' ‘ . Lt N
. ! LW v

e Target i1 ! i s Feature Set]
fl f2 f3 f 4 fn arg E 5 : | Fixed set of features | Ef \:
= 1 H
U;IQ G 8 :Traln i ' fo fs fo - fu fr = fn :
v 12 Uiz Uig Vin W1 ~ F ' : '
U{ EI:- ) e ' ; | Feature Set) | :
Va1 Vza V23 V24 T Uz W2 . 3 < : | Fedsetoffeamres |} Train Fioo o I
. = ; ' Test ' 1 ny nitng 1
3 = L} L]
- ) , s f 1 f 2 f 3 f 4 f w ! | Feature Sety | !
]
(i ‘N " :
Uml UYm?2 Um3 Umgd T Uma Ym Vin — ‘----[ Wanilla Supervised Learning J--' , fi o= fny o Fogtng = fn :
£ ! :
=1 L}

E ' | Feature Sety | E
E l 1
= ] I
Z v Test A fs fs fa o= faoo
i1 Yz Uiz Uiy Uin \ K

* *
#

“*~--{ Feature Incremental Learning ]'

CatBin

Q.. Daota Mining
ob Quallity Analytics




J  MambaTab

% Cascading Mamba blocks
« IS 3Rt RelU 2Fdafet~E 7172l embedded representation@] A2 B
*  Feature@| HHX|, ZI0|, X} IS Sol| = M =5
*  SSM (State Space Model)2| HEOZ Q15K 1 token sequenced| [ME 22N =2 715 IS

M
| Sample Dataset . S o i i "..l
u. . '
Target #1 ' -
H fr fi fa fn T ' 5 5 : 8
r E = , =
wa Ui.ﬁ 8 - 1 | E : 7
Y11 V12 V13 U4 ULn Y1 = E ! Linear = . - . e |1 B
. U;E £ E _}ER}"_:__’ Projection —* 3 _"CS)* ? _@/'_} Projection | , g —> Output
Vp1 V22 V23 U4 Van Y2 ; 3 = ! E vl 8
. @ ' - 1
- - . L]E.'l E. : - M =.;
i N [+
v L : :
Um,a1 Vm2 Um3d Umgd o Umn  Ym in ' )
- 1 > Linear §\ !
£ ! Projection ey
g \ ;
z .
c o T T
Ving iz Uiz Uiy - Uin
(R) Rel U activati (B Q11T activagi e . o
\i) RelU activation \# ) SiLU activation \«t) Nonlinearity (multiplication)

CatBin

Q.. Daota Mining
ob Quallity Analytics



J  MambaTab

N

% BExperiments

Daota Mining
Quallity Analytics

XIE5kS

SN hyperparameter tuning £0k= 2= datasetOl] CHaH £/ 17
Dataset®| feature £t 37H2| non-overlapping subsetO 2 Lz £ 2t

AN=CF
s 24

setOl| CHol incremental leaming X134

v' Translab, Mambalab?2tincremental leaming / CIE BRS2 St set0f| CHoHMTHeES 7 s
v Hyperparameter tuning S S0l 35 & 7ts

Vanilla Supervised Leaming
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CG CA DS AD CB BL 10O IC

LR 0.720 0.836 0.557 0.851 0.748 0.801 0.769 0.860
XGBoost 0.726 0.895 0.587 0.912 0.892 0.821 0.758 0.925
MLP 0.643 0.832 0.568 0.904 0.613 0.832 0.779 0.893
SNN 0.641 0.880 0.540 0.902 0.621 0.834 0.794 0.892
TabNet 0.585 0.800 0.478 0.904 0.680 0.819 0.742 0.896
DCN 0.739 0.870 0.674 0.913 0.848 0.840 0.768 0.915
Autolnt 0.744 0.866 0.672 0.913 0.808 0.844 0.762 0.916
TabTrans 0.718 0.860 0.648 0.914 0.855 0.820 0.794 0.882
FT-Trans 0.739 0.859 0.657 0.913 0.862 0.841 0.793 0.915
VIME 0.735 0.852 0.485 0.912 0.769 0.837 0.786 0.908
SCARF 0.733 0.861 0.663 0.911 0.719 0.833 0.758 0.905
TransTab 0.768 0.881 0.643 0.907 0.851 0.845 0.822 0.919

Feature Incremental Leaming
Methods Datasets
CG CA DS AD CB BL 10 IC

LR 0.670 0.773 0.475 0.832 0.727 0.806 0.655 0.825
XGBoost 0.608 0.817 0.527 0.891 0.778 0.816 0.692 0.898
MLP 0.586 0.676 0.516 0.890 0.631 0.825 0.626 0.885
SNN 0.583 0.738 0.442 0.888 0.644 0.818 0.643 0.881
TabNet 0.573 0.689 0.419 0.886 0.571 0.837 0.680 0.882
DCN 0.674 0.835 0.578 0.893 0.778 0.840 0.660 0.891
Autolnt 0.671 0.825 0.563 0.893 0.769 0.836 0.676 0.887
TabTrans 0.653 0.732 0.584 0.856 0.784 0.792 0.674 0.828
FT-Trans 0.662 0.824 0.626 0.892 0.768 0.840 0.645 0.889
VIME 0.621 0.697 0.571 0.892 0.769 0.803 0.683 0.881
SCARF 0.651 0.753 0.556 0.891 0.703 0.829 0.680 0.887
TransTab 0.741 0.879 0.665 0.894 0.791 0.841 0.739 0.897

MambaTab-D
MambaTab-T

0.771 0.954 0.643 0.906 0.862 0.852 0.785 0.906
0.801 0.963 0.681 0.914 0.896 0.854 0.812 0.920

MambaTab-D

0.787 0.961 0.669 0.904 0.860 0.853 0.783 0.908
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